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ABSTRACT 
Root system architecture (RSA), or the spatial arrangement of the root and its 
morphology, functions to anchor the plant, provide water and nutrient acquisition, 
nutrient storage and to facilitate plant-microbe interactions such as nodulation in 
legumes, such as soybean [Glycine max L. (Merr.)]. Root structure also correlates to 
environmental advantages, such as nutrient acquisition, drought and flood tolerance, and 
lodging resistance. After centuries of indirect selection for RSA, there is a focus to 
harness RSA diversity for exploitation and implementation into cultivar development 
programs. Researchers have generally taken one of three strategies to approach root 
phenotyping including controlled laboratory, moderately controlled greenhouse and 
minimally controlled field methods. In this study we developed a mobile, low-cost, and 
high-resolution root phenotyping system composed of an imaging platform with 
computer vision and ML based approaches to establish a seamless end-to-end pipeline. 
This system provides a high-throughput, cost effective, non-destructive methodology that 
delivers biologically relevant time-series data on root growth and development for 
phenomics, genomics, and plant breeding applications. We customized a previous version 
of the Automated Root Imaging Analysis (ARIA 1.0) root phenotyping software. New 
modifications to the workflow allow integrates time series image capture coupled with 
automated image processing that uses optical character recognition to identify barcodes, 
followed by segmentation using a convolutional neural network. 
The phenotyping unit and analytical platform was used to study the root trait 
genetic diversity in soybean using 292 soybean accessions from the USDA core 
collection primarily in maturity group II and III and a subset of the soybean nested 
association mapping (NAM) parents. Combining 35,448 SNPs with a semi-automated 
xv 
phenotyping platform, these 292 accessions were studied for RSA traits to decipher the 
genetic diversity and explore informative root (iRoot) categories based on current 
literature for root shape categories. Genotype- and phenotype-based hierarchical clusters 
were found from the diverse set with significant correlations. Genotype based clusters 
correlated with geographical origins, and genetic differentiation indicated that much of 
US origin genotypes do not possess genetic diversity for RSA traits compared to the 
entire soybean germplasm collection. Results show that superior root performance and 
root shape also correlate to specific genomic clusters. This combination of genetic and 
phenotypic analyses results provides opportunities for targeted breeding efforts to 
maximize the beneficial genetic diversity for future genetic gains. 
Further objectives of this study was to identify genetic control of RSA within the 
diverse soybean landscape as well as determine whether a genomic prediction could be a 
viable strategy for breeding for root architecture traits. The GWAS detected 30 SNPs 
which co-located within previously identified QTL for root traits and identified a number 
of root development gene candidates. The GP model is capable of predicting phenotypes 
based on genomic data allowing selection of individuals with root traits of interest within 
the core collection without utilizing phenotypic data. Plant phenomics coupled with 
molecular technologies and statistical approaches identify genotypes with favorable or 
unfavorable traits, allowing for inexpensive selections prior to field trial phenotyping. 
Employment of these genomic and phenomic technologies will allow soybean breeders to 
vastly expand the scope of a breeding program by integrating selection for RSA traits. 
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CHAPTER 1.    GENERAL INTRODUCTION 
A common idiom enlightening human-kinds knowledge is that we have more 
knowledge of the moon than the ocean’s depths. This phrase can be extended to describe the 
knowledge of plants beneath the soil surface. For millennia, humans have been observing, 
nurturing and selecting plants to grow for our own purposes with minimal thought to what’s 
going on beneath the soil (with the exception of crop plants grown for their roots or tubers). 
Root system architecture (RSA) spatial arrangement of the root and its morphology, traits are 
of interest for breeding selection; however, these traits are difficult to measure, resource 
intensive, and exhibit large variability [1–7]. Nutrient acquisition [7, 28], drought [20, 29–
31], flood tolerance [32], and lodging resistance [33] all correlate to RSA. 
The genetic diversity of soybean [Glycine max (L. Merr.)] has been well documented 
[8, 34], however limited research has been conducted to explore diversity in soybean RSA. 
Soybean in North America has been subject to a severe genetic bottleneck in cultivated 
varieties [8]. Over the past century, soybean roots have likely been indirectly modified 
through continued breeding for yield. The adoption of crop genotyping and plant phenomics 
in large breeding populations has been made possible through the new technological 
discoveries in genomics, mixed model derived statistic methodologies, advanced 
imaging/remote sensing and machine learning. These advancements have driven plant 
breeders to incorporate these approaches to optimize the conventional breeding process. 
There is substantial phenotypic variation in root architecture systems between genotypes in 
soybean germplasm including root weight, length and, density [9–20]. Due to the difficulty in 
the extraction and analysis of roots as well as their qualitative mode of inheritance, root traits 
are often not used in plant breeding selection practices [20]. New advances in technology is 
2 
 
assisting in researching plant growth below the soil surface. The advent of computer vision 
and machine learning (ML) enabled trait extraction and measurement has renewed the 
interest in utilizing RSA traits for genetic enhancement to develop more robust and resilient 
crop cultivars.  
Researchers have noted diversity of RSA within crop species such as maize (Zea 
mays L.) [21], soybean (Glycine max L. Merr), [9, 12, 20, 22, 23], common bean (Phaseolus 
vulgaris L.) [24], rice (Oryza sativa L.) [25, 26], and wheat (Triticum aestivum L.) [27]. 
Furthermore, thus far studies have quantified individual root traits, seldom looking at the root 
as a complete system [7, 35]. A focus on specific root architectures, shapes, sizes and roles is 
required to develop prescriptive cultivars for environments of interest. An objective of this 
research is to gain an understanding of the diversity of soybean root morphology and how it 
could increase the plants nutrient acquisition and relative fitness with the goal of 
incorporating certain traits into breeding stock. 
At present, limited soybean studies focusing on identifying QTL (quantitative trait 
loci) have been performed for only a few major root traits such as root weight, length and 
density [9–20]. The shape and function of root structure as a whole is often overlooked as the 
inability to collect, observe and quantify the RSA is increased by trait genetic complexity 
[36–39]. The vast diversity of soybean suggests that many beneficial RSA genes or alleles 
could be hidden in seed bank collections. Identifying the drivers for certain phenotypes is 
made difficult when the genetic basis for complex traits with large variation is caused by 
multiple genes [41]. SNP molecular marker data coupled with RSA phenotypic data could 
elucidate genetic control of root morphology and development. GWAS can be a powerful 
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tool for plant breeders as it utilizes thousands of SNPs to identify loci that explain large 
portions of the phenotypic variation present for a trait of interest [40]. 
Genomic prediction (GP) is a form of marker assisted selection (MAS) that 
simultaneously estimates all locus, haplotype or marker effects across the entire genome to 
calculate genomic estimated breeding values [42]. Unlike MAS methods which target one or 
few genes, GP utilizes markers spread across the entire genome and analyzes all marker 
effects to provide an estimate of the breeding value of each individual [43].  GP combines 
genotypic data from a training population with observed phenotypic data to create a mixed 
model capable of solving for the phenotype of non-observed genotypes. Subsetting a 
genetically diverse training set allows for future predictions across the vast collection of 
alleles, accessions and populations available.  
Computer vision and machine learning (ML) enabled trait extraction and 
measurement has renewed the interest in utilizing RSA traits for genetic enhancement. 
Controlled laboratory methods [25, 39, 44], moderately controlled greenhouse methods [45, 
46] and minimally controlled field methods [47–51], are the three approaches researchers us 
to phenotype roots. Researchers who decide to utilize laboratory environments which allow 
for high quality, high quantity evaluations lack applicability to field-grown roots [44, 52–54]. 
However, investigations using field grown systems sacrifice root quality and quantity for 
applicability [51]. Continued efforts are being made to leverage technology to bridge the gap 
and eliminate the shortcomings between these two systems.  
Technology is assisting researchers to approach RSA phenotyping using novel 
approaches. Machine learning coupled with 3-D gel imaging has allowed software to 
recognize up to 16 root traits and identify the rice genotype with 95% accuracy [25]. 
4 
 
Hydroponic root-scaffold systems are currently in use to identify root growth rate and 
structure in rice, soybean and sorghum with encouraging results [55]. Implementing 
advanced 3-D imaging technology such as X-Ray, CT, and MRI continues to bridge the gap 
between the lab and field environment has however carries a high price and reduced 
throughput [56, 57]. These current novel approaches continue to advance but still require 
stronger correlation between the lab and predicting field results.  
For the purpose of this project, we coupled computer vision, image analytics and ML 
approaches to create a mobile, low-cost, high-resolution root phenotyping and database 
platform. Utilizing this approach, we analyzed 12,264 images and identified multiple root 
morphologies which might optimize plant support with nutrient foraging and drought 
tolerance. In addition, we clustered root phenotypes to identify genotype groups with shared 
root attributes, and combined simple phenotypic measurements to create more complex, 
biologically relevant measurements [43]. We studied for RSA traits to decipher the genetic 
control and predict untested accessions. A GWAS has the ability to detect SNP markers 
which have to potential to identify root development genes. The phenotypic data collected 
can also help build a genomic prediction model which can be used to predict RSA values. 
Through the development and utilization of these techniques, we have increased the 
understanding of genomic diversity and gained insight into the genetic control associated 
with RSA which can be leveraged for future soybean improvement. 
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Abstract                 
Background 
Root system architecture (RSA) traits are of interest for breeding selection; however, 
measurement of these traits is difficult, resource intensive, and results in large variability. 
The advent of computer vision and machine learning (ML) enabled trait extraction and 
measurement has renewed interest in utilizing RSA traits for genetic enhancement to develop 
more robust and resilient crop cultivars. We developed a mobile, low-cost, and high-
resolution root phenotyping system composed of an imaging platform with computer vision 
and ML based approaches to establish a seamless end-to-end pipeline, from obtaining root 
samples through image based trait processing and extraction. 
Results 
This high throughput phenotyping system, which has the capacity to handle hundreds 
to thousands of plants simultaneously, integrates time series image capture coupled with 
automated image processing that uses optical character recognition (OCR) to identify 
seedlings via barcode, followed by a robust segmentation through convolutional neural 
network methods prior to feature extraction. These improvements include an updated and 
customized version of the Automated Root Imaging Analysis (ARIA 2.0) root phenotyping 
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software. Using this pipeline, we studied diverse soybean accessions from a wide 
geographical distribution and report genetic variability for RSA traits, including root shape, 
length, number, mass, and angle.  
Conclusions 
This system provides a high-throughput, cost effective, non-destructive methodology 
that delivers biologically relevant time-series data on root growth and development for 
phenomics, genomics, and plant breeding applications. This phenotyping platform is 
designed to quantify root traits and rank genotypes in a common environment thereby 
serving as a selection tool for use in plant breeding. Root phenotyping platforms and image-
based phenotyping are essential to mirror the current focus on shoot phenotyping in breeding 
efforts.  
Background 
Over the past century, classical and technology driven breeding techniques have 
aimed to achieve higher seed yield in major crops. The increase in seed yield comes 
concomitantly with a focus on improving the agronomic, disease protection and other 
perceptible traits that are expressed and observable above ground. Root system architecture 
(RSA), or the spatial arrangement of the root and its components [1], functions to provide 
water and nutrient acquisition, nutrient storage, anchorage and to foster plant-microbe 
interactions such as nodulation in N-fixing crops, which are relatively inconspicuous yet 
fundamental to plants’ performance and are indirectly selected traits in breeding programs 
particularly for non-tuber or root crops [2]. Root structure also correlates to environmental 
advantages, such as nutrient acquisition [1, 3], drought [4–7], flood tolerance [8], and lodging 
resistance [9]. 
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Plant breeders have continually modified the above-ground features of the plant as 
these have been the easier to select; however, the hidden-half of the plant warrants further 
investigation for major agronomic crops including soybean (Glycine max L. Merr.), maize 
(Zea mays L.), wheat (Triticum aestivum L.) and rice (Oryza sativa L.) [5, 10]. This limitation 
in selecting for root phenotypes in soybean and other pulse, oilseed and cereal crop species 
arises from the difficulty of root trait measurement, and therefore the inability to study and 
utilize root architecture, morphology, topology, distribution within the soil, response to 
environmental stimuli and growth over time [1, 11–14] 
Root phenotyping and further research provides many hurdles including the wide 
technological gap in our ability to collect, observe and quantify important root trait data 
which is exacerbated by trait genetic complexity [15–18], phenotypic expression complexity 
[19], morphometric nature of their expression [20], and environmental interaction including 
soil structure [20], nutrient availability [3], temperature [21], water [22], interactions with 
other plants [2, 23] and microbes [24].  
Researchers have generally taken one of three strategies to approach root 
phenotyping:  including (1) controlled laboratory methods [18, 25, 26], (2) moderately 
controlled greenhouse methods [27, 28] and (3) minimally controlled field methods [29–33]. 
While the complexity of environment becomes more relevant to field scale production and 
physiological relevance with field methods, controlled laboratory methods are amenable to 
large scale phenotyping and throughput; therefore, researchers continue to explore ways to 
bridge the gap of lab versus field methods [11]. The existing major impediment is the high 
labor and time costs in the field for root trait phenotyping [29, 33]. This motivates our 
research to enable automation and increase throughput of root trait studies. The ability to 
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study larger sample sizes will provide exciting opportunities to understand the role of RSA 
and its and application in future research. 
Breeding for Root System Architecture (RSA) traits 
Root system architecture is a complex of polygenic traits consisting of sub-root 
system parameterizations such as root growth habit, total root length, primary root length, 
root number, root angle, root thickness, root length density (root extension and distribution), 
root surface area, and are paramount in improving plant performance and seed yield [2, 23]. 
Monocot and dicots have distinct morphological parameters that are used to classify their 
roots into fibrous and taproot growth types, respectively. Due to the difficulty associated with 
the measurement of RSA traits and the high level of morphological plasticity of roots in soil 
[34–37], breeding programs rarely utilize RSA traits as a method of selection [5]. 
Furthermore, RSA traits remain elusive in plant breeding selection practices due to the RSA 
plasticity caused by environmental variation, lack of cost effective field plot root extraction 
protocols, and limited appropriate phenotyping platforms and tools [5, 38]. Identification of 
genes which control QTL (quantitative trait loci) for RSA has come with minimal success 
demonstrating that further genetics research is needed [39, 40].  
Researchers have noted diversity of RSA within crop species such as maize [41], 
soybean [42] [5, 43–45], common bean (Phaseolus vulgaris L.) [46], rice [26, 47] and wheat 
[48]. It is important to note that the North American soybean genepool is very narrow [49], 
therefore the expected gain from RSA traits could be high and rewarding, but will rely on the 
identification and incorporation of genetic diversity [50–52]. Before plant breeders can select 
for RSA traits, available genetic and phenotypic diversity needs to be explored and 
characterized. Therefore, accurate and efficient quantification of root architecture traits and 
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diversity as well as associated physiological processes, is a pertinent requirement for 
addressing breeding objectives. Fortuitously, in the era of phenomics and big data there is a 
continual advancement in high-throughput phenotyping (HTP) methods that can enhance 
researcher’s ability to assess above and below ground organs and traits. New technological 
innovation in computers, sensors, robotics and data analytics, including computer vision [53, 
54], automation , remote sensing [55], ML [56] and deep learning (DL) [57] have allowed 
breeders and researchers to capture high resolution and high dimensional attributes of diverse 
phenotypic data non-destructively on a vast spatio-temporal scale [56, 58, 59]. These include 
primarily above ground traits [60–65] and to a lesser extent, root related traits [66–68]. 
However, continual efforts are needed to decipher the genetics of root traits to realize the 
genetic potential of root trait driven breeding. With phenomic information on both root and 
shoot traits, plant scientists will be empowered to deploy above and below ground 
phenotypes optimized to targeted climactic conditions and agronomic management 
techniques.  
Technological challenges in RSA trait phenotyping can be divided into two major 
components: (1) root extraction from soil (for review, see [69]), and (2) imaging and 
computer aided feature (trait) extraction [70]. This dictates a need for advances in imaging 
protocols, computer vision and ML for trait extraction. Conventional approaches for root 
examination include field extractions [33], soil coring [13, 71] and minirhizotrons [72], but 
advances in X-ray computed tomography [68, 73, 74], magnetic resonance imaging (MRI) 
and positron emission tomography (PET) [21, 75], and 3D imaging approaches [26, 76, 77] 
have helped obtain higher resolution root trait data. The low throughput and high cost often 
prevent integration of these approaches in large scale genetic material screening [11, 12, 59, 
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69, 78]. At the onset, a reduction of cost and time are imperative to scaling plant phenotyping 
methodologies and require standardized protocols. There is little standardization on physical 
platforms (hardware) used for image based root phenotyping. However, for image analytics, 
several software tools are currently available that extract data through analyses of high 
resolution digital images with advanced computer analysis. This non-exhaustive list includes: 
archiDART [79], ARIA [80], DART [81], DIRT [82],  EZ-Rhizo [83], GiA Roots [84], GLO-
Roots [85], RootNav [86], RootReader2D , RootSystemAnalyzer [87], RooTrak [68], 
RootTrace [88], SmartRoot [66]. These freeware such as ARIA (Automatic Root Image 
Analysis), have been developed to be faster and more adaptable to the alternative industry 
standard software WinRHIZO [80]. Advances in computer vision and image analytics have 
made feature extraction efficient, effective, accurate, and potentially non-destructive, with 
the ability to remove the root from the growth environment, take the image, and replace to 
the growing environment, allowing for sequential data collection over time. The recent 
software are also multi-functional due to their ability to perform fast processing based on 
digital images, multiple generations of information on various traits, with higher throughput 
[80].  
Recent coupling of computer vision with ML has facilitated the generation of 
software tools that include automated learning for image preprocessing, image processing 
and feature extraction that will aid to reduce measurement variability and remove subjectivity 
and biases. Alone, computer vision enables software to identify objects and structures within 
images; while ML has been deployed to learn and classify those objects or structures [89]. In 
recent root architecture studies, researchers trained their model to recognize and differentiate 
root tips from 2D and 3D images in an automated process [90]. Other studies used a random 
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forest based approach to replace missing trait values in highly noisy root images [91]. 
Nevertheless, with the strides being made in software, data processing, and phenotyping 
protocols, a methodology is needed that is low-cost, scalable, and robust to diverse 
phenotypes and experimentation to begin standardizing RSA trait acquisition. 
In this paper, we describe hardware, software and analytical solutions for an end-to-
end controlled environment soybean root phenotyping pipeline. The main objectives were to 
develop: (1) a low-cost HTP platform enabling temporal assessments, (2) a ML enabled 
semi-automated computer vision program for image capture and curation, and (3) an 
advanced open-source software tool that allows the extraction of a multitude of seedling RSA 
traits. The final product is an end-to-end pipeline with a fully automated software complete 
with tunable image thresholding and image based trait extraction. To summarize, the pipeline 
provides non-destructive evaluation of a large number of soybean genotypes in controlled 
conditions in a rapid manner at lowered cost of phenotyping alleviating the phenotyping 
bottleneck thus enhancing research and breeding progress related to RSA. We envision that 
this combination of phenotyping platform and data analytics will meet the needs of various 
users regardless of technical experience.  
Methods 
Plant Material 
For this study, 292 genotypes comprising a subset of the USDA soybean core 
collection and a subset of Soybean Nested Association Mapping (SoyNAM) parents were 
selected  and were previously genotyped [92, 93]. For the purpose of this manuscript, we 
restrict our analyses and results presentation to 115 maturity group II (MG 2) genotypes to 
target the local Iowa environment for within maturity group comparisons. These genotypes 
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consisted of a wide range in geographical origin (12 countries) and growth habit 
(determinate, semi-determinate, indeterminate) along with various other morphological and 
seed quality traits to meet our requirement for a diverse set of lines to test during hardware 
and software development. 
Growing Protocol 
Motivated by previous research, we present a hardware system that is affordable and 
simple to construct, requiring few materials [94–97]. Seedlings are grown on the pouch-and-
wick system [94] consisting of flat blue blotter germination paper (Anchor Paper Co., 
Minneapolis, MN), which creates high contrast with the yellow roots facilitating higher 
quality computer based root identification and segmentation [95]. A total of 4,088 seedlings 
were grown on blue blotter germination paper, suspended from the rungs of the shelving 
platform in a standard 1.75m2 growth chamber during the course of the experiment (Figure 
2.1e). The seedlings were phenotyped at three time points leading to 12,264 images that were 
a part of the overall experiment and a basis of software development for image processing 
and feature extraction.  
The standard 175 cm by 100 cm growth chamber (Controlled Environments Ltd, 
Winnipeg, Canada) contains standard metal grate shelves (1.3 cm by 35 cm slots) which 
double as a support framework for suspending the germination paper above a water reservoir 
with a depth of 5cm, allowing for 2.5cm of each paper unit to be submerged. The growth 
chamber could house up to 400 seedlings in 200 slots (corresponding to 228 seedlings m2). 
The growth chambers were set at 25°C during a 16 hour day, 22°C for an 8 hour night. Light 
intensity of the growth chambers was measured at 300 and 350 µmol photons m-2 s-1 
respectively, as measured by a Li-250A light meter (Li-Cor Biosciences, Lincoln, NE, USA). 
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Figure 2.1. Root phenotyping platform. (a) 10 seeds per genotype rolled into germination 
paper. (b) Plants germinate in growth chamber and removed at five days. (c) Two 
representative seedlings are selected from each roll for transplantation onto labeled moist 
blue germination paper. (d)  Single, transplanted seedlings are covered with moist brown 
germination paper and sandwiched together creating one experimental unit. (e) Experimental 
units are bound with binder clips, each placed between the metal rungs of a growth chamber 
with the bottom 5cm submerged in water. (f) At 6d, 9d and 12d, experimental units are 
individually removed, split, imaged, automatically rotated, renamed via an image processing 
algorithm and saved to the server database, and replaced into the growth chamber. 
 
Ten seedlings were germinated using a paper roll assay (Figure 2.1a,b) [98], of which 
two representatives of healthy seedlings were chosen at 5 days after germination and 
transplanted to the blue blotter germination system (Figure 2.1c) [99] minimizing the 
variability associated with seed source of plant introduction lines [100] and the effect of poor 
or delayed germination [94]. When working with such diverse plant introduction landraces 
seed uniformity and viability can be a hurdle. Differences within genotypes was often 
substantial as displayed in Figure 2.1c. To reduce variability, 14 seedlings were grown and 
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phenotyped for each genotype during the duration of this experiment.   The apparatus and 
methodology of the germination paper roll assay is further presented in Video 1 [101]. 
The blue blotter paper sheet (Anchor Paper, Minneapolis, MN) of dimensions 30cm x 
45cm with perforation 2.5 cm from top of the page was used in the experiment. The custom 
sized germination paper, 45cm in length, 30cm in width allowed for undisturbed root growth 
for up to 12 days. The blue paper was wetted using water and subsequently folded along the 
perforation to place one of the selected five-day old seedling on the blue paper to enable 
shoot penetration through the perforation. Thereafter, a wetted brown germination sheet was 
placed on top of the blue blotter paper and emerging radicle to isolate and adhere to each root 
to retain moisture (Figure 2.1d). The thin brown paper is non-porous, preventing root 
penetration and allowing for easy removal for imaging. This procedure was repeated for the 
second seedling, after which the two seedlings of one genotype were affixed together using 
two binder clips. Each group of blue paper and brown germination paper combination 
housing two separated seedlings (hereon called, growth pouch unit) was suspended vertically 
via binder clips in slots between the labeled grates of the growth chamber with the lower 3 
cm of blue paper submerged into water (Figure 2.1e). Additional water was manually added 
to the reservoir as needed. Image capture began six days (6d) after germination, one day after 
transplanting onto the blue blotter paper, with consecutive images captured at 9 days (9d) and 
12 days (12d). Time series data collection allowed for capture of morphological development 
between the growth stages. The apparatus and methodology of the transplantation from 
brown to blue germination paper is further presented in Video 2 [102].  
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Imaging Platform and Protocol 
The goal of this method is to acquire root images without removing the root from the 
paper medium, which is used to grow plants for temporal 2-D phenotyping. Our imaging 
platform consisted of a utility cart, framework for camera mounting, and computer 
connectivity for image storage and file management. The imaging stage was fabricated using 
rugged aluminum extrusion 8020 aluminum T-slot extrusion (80/20 Inc., Columbia City, IN) 
(Figure 2.1f) to provide a rigid structural framework including camera  and light mounting as 
well as a stage to provide consistent image quality. Sensors included an 18 megapixel Canon 
Rebel T5i digital SLR camera (Lens: EF-S 18-55mm f/3.5-5.6 IS II) (Canon USA, Inc, 
Melville, NY) mounted to a gimbal tripod head affixed to a T-slot extrusion crossbeam 60cm 
directly above the imaging stage which allowed for adjustment if necessary. The camera was 
set at a consistent white balance, focal length and maximum resolution to ensure high image 
quality and was affixed 60cm above the imaging stage The USB cable connected the camera 
to computer allowing for direct image transfer and live view of the imaging stage. To provide 
consistent illumination, two softbox photography lights (with four bulbs: 70 watts, 5500K 
CFL) (Neewer; Shenzen, China) extending out from the stage at a height of 90 cm from the 
cart top base were directed at the imaging stage from opposite sides. The imaging platform 
was constructed on an Uline utility cart (Uline, Pleasant Prairie, WI), creating a compact 
mobile imaging station. The phenotyping platform consisted of off-the-shelf material and the 
total cost (not including cameras and laptop) was less than $200. The pre-cut 80/20 
Aluminum T-Slot Extrusion were used for their flexibility in assembly and for their light 
weight. High resolution images (100 pixels per cm) were captured at 6, 9 and 12 days after 
germination. The remote capture software, Smart Shooter 3[103] on a Dell Latitude E7470 
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laptop (Dell, Round Rock, TX), was used for a live view of the stage followed by triggering 
the camera for image capture. Plastic labels were affixed to each paper which included a 
unique barcode (Figure 2.2) 
 
Figure 2.2: Time series growth of a single soybean plant with images taken at (a) 6 days (6d), 
(b) 9 days (9d) and (c) 12 days (12d) after germination.  Images were captured remotely via a 
laptop computer using software automating the image file renaming via the in-frame barcode. 
Smart Shooter 3 optimized the system’s throughput by renaming each image at acquisition 
using Object Character Recognition (OCR), reducing time and eliminating user input and 
human error. Image files were directly saved to a cloud-based database system. An additional 
computer monitor was affixed to the platform to facilitate manual inspection of captured 
images.  
 
Images captured remotely via laptop computer using software automating the image 
file renaming via the in-frame barcode. Smart Shooter 3 optimized the system’s throughput 
by renaming each image at acquisition using Object Character Recognition (OCR), reducing 
time and eliminating user input labor and human error [103]. Image files were directly saved 
to a cloud-based database system. An additional computer monitor was affixed to the 
platform to facilitate manual inspection of captured images. A list of system components can 
be found in Supplementary Table 2.1. Each growth pouch unit was removed individually 
from the growth chamber grates, binder clips were removed, and blue paper and seedling 
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combination were separated. Individual seedlings were placed on a 30cm x 45cm acrylic 
sheet for easier handling. Brown germination paper top sheet was removed and slight user 
manipulation of some roots was required to ensure that the computer algorithm could detect 
differences between multiple roots converging in parallel. A thin stainless steel laboratory 
spatula was used to lift and separate two side-by-side growing roots with an effort to reduce 
the movement and thus morphological change of the root and eliminate root damage. Each 
exposed root backed by blue paper was moved to the imaging station where images were 
captured remotely using a fixed digital SLR camera and a laptop computer as seen in Video 3 
[104]. After imaging, each growth pouch unit was reassembled and placed back into the 
growth chamber for the time series imaging pipeline. Seedling RSA analysis was conducted 
using a customized version of ARIA software (ARIA 2.0) (Table 2.1) [80]. To image capture 
approximately 300 seedlings, three to five hours were needed dependent on number and 
experience of technical staff and growth stage of the seedling. The handling and imaging 
steps exposed the root to light up to three minutes.   
Image Processing  
Our platform was constructed to allow for post-capture automation, eliminating the 
requirement of image cropping and other image-preprocessing steps. ARIA 2.0 is automated, 
which allowed batch processing of thousands of images requiring minimal user input. To 
calibrate ground truth resolution, the program accepts pixel/cm which can be captured via 
measurement of known objects, such as a ruler or label, within images. To overcome subtle 
differences in image lighting, white balance or light reflection caused by water saturation of 
the blue germination paper, an ML approach called convolutional auto-encoder was used for 
an automated pipeline using a neural network interface known as Keras [105] which is 
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written in Python, using Tensorflow [106] as a backend. Convolutional Auto-Encoders 
(CAE) have been used as a robust method to segment features of object from a complex and 
cluttered background [89, 107]. 
 
Table 2.1: Root system architecture (RSA) traits captured by ARIA 2.0 software and plant 
biomass weights. 
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To train our auto-encoder, we utilized the color segmentation method implemented in 
ARIA 2.0 to generate a training data set. The color segmentation method is based on a 
heuristic approach on the HSV (hue, saturation, value) color space seen in Video 4 [130] 
(MathWorks, Inc., Natick, MA). ARIA 2.0 also supports an optional quality check step that 
allows users to readjust the heuristic segmentation values. A set of randomly selected ~2450 
images (20% of the dataset), across the three time points, were segmented and used to train 
the convolutional auto-encoder (Figure 2.3). The encoder segment of the final network 
architecture comprises three convolutional layers (32 feature maps of size 3 x 3 for each 
layer). In addition, two pooling layers of size 2 x 2 were deployed for downsampling the 
features and reducing the computational load. The Rectified Linear Unit (ReLU) function 
was used as the activation function. The learning rate was initialized with 0.001 using Adam 
optimization. Training was performed using a total of ~2100 samples with an additional 100 
randomly selected validation samples, and testing was conducted on 250 random samples. 
We trained the model using a NVIDIA Tesla K20 installed on the CyEnce computing cluster 
at Iowa State University. Using binary cross entropy as a metric, the model was validated by 
5-fold cross-validation resulting in an accuracy of 0.93. 
  
Figure 2.3: Convolutional Auto-Encoder with 32 feature maps of size 3x3 for each layer with 
two pooling layers of size 2x2 that were deployed for downsampling. 
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Heritability estimate  
To assess broad sense heritability, 115 soybean genotypes belonging to soybean 
maturity group II with fourteen replications (genotypes were randomly assigned to the 
growth chamber) were grown in growth chambers and RSA traits were measured. Outliers 
that fell outside the interquartile range were identified for each trait for each genotype and 
were eliminated prior to calculating best linear unbiased predictors (BLUPs). The model used 
(Equation 2.1) where yik is the response variable of the i
th genotype at the kth block (i.e., 
growth chamber used), μ is the total mean, gi is the genetic effect of the ith genotype, bk is the 
block effect, and eik, is a random error following N(0, σ2e). All factors were considered 
random effects. Broad sense heritability was calculated on an entry-mean basis using 
Equation 2.2, where σ2g is the genotypic variance, n is the number of replications = 14. 
Tukey’s Honest Significance Difference (HSD) groupings were calculated from the 
experimental data (alpha = 0.05, rep=14 per genotype) where q = the relevant critical value 
of the studentized range statistic and n* is the number of scores used in calculating the group 
means of interest using the HSD.test function of the agricolae package in R (Equation 2.3). 
Genetic coefficient of variation (CVG) for each trait was calculated using Equation 2.4. 
Pearson’s correlation coefficients between traits were calculated using the ‘stats’ package in 
R. A Kolmogorov-Smirnov test, a nonparametric test of continuous probability distributions, 
was used to test statistical differences in directionality on root branching angle at each of the 
three time points after germination. 
Equation 2.1 
𝑦𝑖𝑘 = 𝑢 + 𝑔𝑖 + 𝑏𝑘 + 𝑒𝑖𝑘 
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Equation 2.2 
𝐻2 =  
𝜎𝑔
2
𝜎𝑔2 +  
𝜎𝑒2
𝑛
 
Equation 2.3 
𝑇𝑢𝑘𝑒𝑦′𝑠 𝐻𝑜𝑛𝑒𝑠𝑡 𝑆𝑖𝑔𝑛𝑖𝑓𝑖𝑐𝑎𝑛𝑡 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 =  q  √
𝑀𝑆𝐸
𝑛∗
 
Equation 2.4 
𝐶𝑉𝐺 =  
√𝑉𝐺
X̅
 
Calculating Lateral Root Branch Count and Measurement of Root Angles 
RSA traits added to ARIA 2.0 include root branch count, which has been suggested to 
be an important topological trait [1, 108] but is not amenable for human phenotyping due to 
its difficulty, were measured using three different methods including: (1) Lateral root branch 
count (LRB), nodes of lateral roots (NLR), and independent lateral root branches (IRB) to 
determine the most informative and accurate way to study this trait. Lateral root branch count 
(LRB) (Figure 2.4a) was determined by first taking the skeletonized root in which the 
primary root is identified and then removed. A sliding window with a five pixel width was 
moved across the root. The maximum number of individual root segments from each group 
(left or right of the primary root) were recorded. Nodes of lateral roots (NLR) (Figure 2.4) 
were identified on the root skeleton using pixels that have more than two neighboring pixels 
(network analysis). The original black and white image is then dilated by 10 pixels, false or 
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spurious branch points were identified and removed. The number of branch points after 
removing the false points was outputted.  
 
Figure 2.4: Lateral root branch count measured using three different methods (a) lateral root 
branch count (LRB), (b) count of nodes of lateral roots (NLR), and (c) independent lateral 
root branch count (IRB). 
 
The IRB (Figure 2.4) method involved the skeleton of the primary root being dilated 
from 1 pixel to a 10 pixel width. The primary root is then removed and the remaining 
individual root segments that were in the dilated region are counted. Three algorithms of root 
branching angle were automatically quantified: (1) the lateral root branching angle (LBA), 
(2) lateral root angle (LRA), and (3) lateral root tip angle (RTA). The spatial distribution of 
the angles were shown with normalized vertical (soil) depth.  The depth was normalized with 
the total root length. Measurement of root angles were generated within a 100 x 100 pixel 
window using a Fourier transform (to reduce noise), then a Hough transform algorithm was 
used to measure the angle of each segment (Figure 2.5). The mean angle of each segment 
was placed into one of 45 bins of 2° increments from 0° to 90°. For each algorithm, the 
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lateral root angle of the highest frequency within each 100 x 100 pixel window was reported. 
ARIA 2.0 data output consisted of a tally of root segments for each algorithm allowing for 
visualization through a histogram. 
 
Figure 2.5: Three methods to identify lateral root angle including (a) lateral root branching 
angle (LBA), (b) lateral root angle along the entirety of each branch (LRA), and (c) lateral 
root tip angle (RTA). 
 
Root Shape Classification 
Two approaches were taken to extract root profiles from segmented root images, (1) 
mean boundary distance and (2) convex hull boundary. This dimension reduction processes 
distills images into simple numbers to allow for further phenotyping based applications. 
Fourier coefficients at multiple harmonics from 1 to 100 were used to create root shape 
profiles enabling the user to select which profile was most appropriate [109].   
Clustering Algorithms (PCA and LDA) 
Principal components analysis (PCA) and linear discriminant analysis (LDA) were 
used to visualize and evaluate the contributions of RSA traits among genotypes. Linear 
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discriminant analysis (LDA) finds a linear combination of RSA traits (explanatory variables) 
to discriminate between genotypes, the response variable. Principal components analysis 
(PCA) and LDA were performed using JMP ver. 13.1 (SAS Institute).  
Biomass Weights 
Shoot biomass weight was collected from plants at 12d (the last time point of data 
collection). Shoots, including cotyledons, from the two plants in the growth pouch unit were 
placed into a labelled paper bag and dried for 48 hours at 70°C. Dry shoot biomass was then 
weighed in grams (g). At 12d, roots remained on the wet blue germination paper as 
separation of root and paper is not possible [94]. The paper and adjoining root were dried at 
70°C for 48 hours. The roots, still attached to the blue germination paper were very lightly 
misted with water using a spray bottle. This enabled easy removal of the roots from the blue 
germination paper with forceps. Roots from each genotype were placed together in a brown 
paper bag and dried for 48 hours at 70°C. Root biomass was then weighed. Dry weights were 
measured using an Ohaus Pioneer PX scale (Ohaus Corp, Parsippany, NJ). For each 
genotype, 100-seed weight (g) was recorded from the seed sources used for these 
experiments, and was obtained by counting random 100 seed for each genotype. The seed 
source came from the previous year’s seed increase grown in a field test near Ames, IA. 
Results 
The easy to assemble phenotyping platform consisted of the following main 
components: (1) utility cart, (2) framework for camera mounting and (3) computer 
connectivity for image storage and file management. Using this platform, 12,264 images 
were generated. The image acquisition and processing rate varied depending on the number 
of technical persons available. This platform was used in single or multiple user modes, from 
individuals to teams of four, providing flexibility in time and labor management. Duration of 
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image capture for 292 roots ranged from three to five hours with throughput increased with 
younger roots and experienced technical staff. We present the capabilities of this end-to-end 
root trait phenotyping pipeline to investigate the RSA diversity using test case samples 
consisting of diverse soybean genotypes from MG 2 and more in-depth study of three 
genotypes (PI 417138, PI 643146, PI 479718B) for various RSA traits and visualize results 
for this diversity for the main traits (Figure 2.6). 
We evaluated the relationship between root traits and genotype descriptors including 
country of origin, stem termination and genetic diversity (Table 2.2). A PCA plot was created 
using the genomic SNP data to further explore the associations between the continuous root 
trait data and discrete metadata (Figure 7). Graphing genetic diversity (elite, diverse, 
landrace) displays clustering of the elite and diverse genotypes (Figure 2.7c). There is 
minimal clustering when the country of origin and growth habit are overlaid on the PCA 
(Figure 2.7a, c).  
Genotype was a significant source of variation for each trait (Table 2.3). Genetic 
coefficient of variation for each trait (CVG) varied from 7% for primary root length (PRL) at 
9d after germination to 27% for both primary root volume (VOL) at 9d and shoot dry weight, 
respectively. Heritability of RSA varied from a minimum of 0.42 for VOL at 12d to a 
maximum of 0.94 for total root length (TRL) and total root surface area (TRArea) at 6d. 
Heritability estimates increased concurrently with additional replicates and were highest for 
root and shoot dry weights (0.99) (Figure 2.8). Measurements that calculated area, including 
TRArea, rhizosphere area (RHZO), network area (NWArea) displayed higher heritability. 
Root measurements that were comprised of multiple trait interactions tended to have lower 
heritability.  
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Figure 2.6: Overall phenotypic differentiation of three example soybean genotypes: A (PI 
417138; blue), B (PI 643146; red) and C (PI 479718B; green) for TRL (total root length), 
PRL (primary root length), WID (root width), convex area (CVA) LRB (lateral root 
branching count), VOL (primary root volume), LRA (lateral root branching angle, LED 
(length distribution, total root length of the upper 1/3 of the root image divided by the total 
root length in the lower 2/3 of the root image), RHZO (rhizosphere area), WDR (width to 
depth ratio), Root_weight (dry root weight at 12 days after germination), Shoot_weight (dry 
shoot weight at 12 days after germination). 
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Table 2.2: Root traits and genotype descriptors including country of origin, stem termination 
and genetic diversity 
 
 
Effect of Seed Size on Seedling Growth 
The relationship between seed weight and RSA traits showed an increasing trend 
from earlier to later dates (6d < 9d < 12d). The hundred seed weight was highly correlated to 
BLUP values calculated for shoot dry weight (r = 0.92) as well as root dry weight (r = 0.78). 
However, lower correlations were observed with RSA traits, including the lowest 
correlations with LRB (r = 0.27) and PRL (r = 0.32) at 9d and TRL (r = 0.52), TRArea (r = 
0.65), WID (r = 0.60) and WDR (r = 0.03) at 12d showing weakest correlations. To 
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effectively demonstrate the success of the software pipeline on image analysis of root traits, 
further results include three genotypes PI 417138 (genotype A), PI 643146 (genotype B), PI 
479718B (genotype C)) that displayed diversity in biologically relevant RSA traits (TRL, 
PRL, LRB, WID, TRArea, and LED (length distribution))  
Table 2.4). Genotype A was distinct from B and C for each of the six traits except for LED it 
did not differ from genotype B and 9d and 12d. Genotypes B and C differed from each other 
at 9d and 12d for WID, TRArea and LED. At 12d, genotypes B and C did not differ from 
each other for PRL and LRB, and at 6d did not differ for TRL, PRL, WID and TRArea 
(Figure 2.9).  
 
 
Figure 2.7:  PCA plots based on genomic SNP data to further explore the associations 
between (a) country of origin, (b) growth habit, and (c) genetic diversity (elite, diverse, 
landrace). 
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Table 2.3: Descriptive statistics for 6 root and shoot traits of 115 maturity group II genotypes 
of soybean at 6d, 9d and 12d, obtained from BLUP values for each genotype.
 
 
Figure 2.8: Six RSA traits displaying the increase in broad-sense heritability (H2) with each 
replicate tested (n=14). 
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Table 2.4: RSA trait mean values, Tukey’s Honest Significant Difference (HSD) test 
groupings and growth rate day-1 for genotypes A, B and C for TRL (total root length), PRL 
(primary root length), LRB (lateral root branching count), WID (root width), TRArea (total 
root area) and LED (length distribution, total root length of the upper 1/3 of the root image 
divided by the total root length in the lower 2/3 of the root image.
 
 
Lateral Root Branch Count 
ARIA 2.0 software was used to compare three methods of counting lateral root 
branches. The LRB method showed better correlation to ground truth data (r = 0.94 (LRB), r 
= 0.89 (NLR) and r = 0.87 (IRB)). The number of LRB, NLR and IRB increased across the 
three growth stages when looking at the three example genotypes as well as the 115 maturity 
group II genotypes.  Correlation between the traditional color segmentation method and ML 
segmentation method was used for validation. ARIA 2.0 was extracted RSA traits for each 
image and a correlation analysis was conducted. RSA traits that were calculated by length or 
area resulted in a higher correlation (WID, r = 0.98; RHZO, r = 0.96; TRL, r = 0.95; LRL, r = 
0.95; CVA, r = 0.94) that the RSA traits calculated through counts (LRB, r = 0.78; IRB, r = 
0.75; NLR, r = 0.73). 
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Figure 2.9: (a) Left: Boxplot of displaying RSA traits of genotypes A (PI 417138; blue), B 
(PI 643146; red) and C (PI 479718B; green). TRL, PRL, LRB, WID, TRArea and LED were 
automatically calculated by ARIA 2.0 (n = 14). (b) Right: Segmented root images of 
genotype A (blue), B (red) and C (green) at 6 (left), 9 (center) and 12 (right) days after 
germination. 
 
Root Angle 
Correlation between manual and ARIA 2.0 measurement of root tip angles was 
conducted to validate our approach (r = 0.95) after outliers were removed. (Supplementary 
Figure 2.1). Minimal root angle diversity was noted among the three genotypes (Figure 2.10). 
A Kolmogorov-Smirnov test was used to detect statistical differences in directionality on root 
branching angle at each of the three time points. When comparing between genotypes, 
significant differences (p < 0.05) were seen at 6d between genotypes A and B and genotypes 
A and C. Significant differences in genotype A between 6d and 9d, and 6d and 12d as well as 
in genotype B between 6d and day 9d were observed (Supplementary Table 3.2).  
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Figure 2.10: Root angles of genotype A (PI 417138; blue), B (PI 643146; red) and C (PI 
479718B; green) at 6d (left), 9d (center) and 12d (right). The top row relates to LBA; middle 
row, LRA; and bottom row is RTA (all expressed as a percentage of total). 0° is the direction 
of the gravity vector. 
 
Biomass Weights 
Shoot dry weight and root dry weight BLUPs were highly correlated (r = 0.86; 
genotypes = 115). The majority of RSA traits had significant correlation with both shoot and 
root dry weight. At 12d, root weight was positively correlated with TRL (r = 0.79), PRL (r = 
0.48), TRArea (r = 0.86), WID (width) (r = 0.67), DIA (primary root diameter) (r = 0.73), 
VOL (r = 0.65) and WDR (width : depth) (r = 0.39). Shoot weight correlations were 
significant with TRL (r = 0.60), PRL (r = 0.39), TRArea (r = 0.71), WID (r = 0.53), DIA (r = 
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0.68), VOL (r = 0.62) and WDR (r = 0.02), mirroring the trend observed between root weight 
and RSA traits. 
Root Shape Classification 
Root profiles were extracted from images and using Fourier coefficients were 
expanded into a shape spectrum. Figure 2.11a displays pseudo-outline (i.e., mean boundary) 
of normalized values from three genotypes to highlight root shape variation. A similar 
approach was taken using convex hull area (CVArea) (Figure 2.11b). Mean boundary and 
convex hull boundary analyses identified interesting divergences in root shape between 
genotypes.  
PCA and LDA were used to evaluate the contributions of RSA traits between 
genotypes at multiple growth stages using the output of ARIA 2.0 at 6d, 9d, 12d. LDA 
revealed a very distinct clustering patterns, where observations of three genotypes at three 
separate time points after germination created nine groupings (Figure 2.12a). The PCA based 
on root shape defining traits at 9d and 12d creates three distinct clusters while the results at 
six days are not as definitive (Figure 2.12b). 
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Figure 2.11: Mean boundary based on five harmonic Fourier descriptors of genotypes A (PI 
417138) (left), B (PI 643146) (middle), and C (PI 479718B) (right) at 6d (green), 9d (black), 
12d (red). Convex hull boundary of root shape developed from Fourier analysis (five 
harmonic descriptors) of the three genotypes at 6d (green), 9d (black), 12d (red) (n = 14). 
 
Figure 2.12: (a) Linear discriminant analysis works as a dimensionality reduction algorithm, 
is shown using 36 RSA traits to cluster genotype A (PI 417138; blue), B (PI 643146; red) and 
C (PI 479718B; green) at 6 (triangle), 9 (plus) and 12 (diamond) after germination (n=14). 
(b) Principal components analysis of the three genotypes at 6, 9 and 12 days after 
germination. The shaded area enclose 90% of each genotype’s data points (n=14). 
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Discussion 
In this paper, we describe hardware and software solutions for a soybean root 
phenotyping pipeline (Figure 2.13). This phenotyping platform provides a non-destructive 
evaluation pipeline with high repeatability and a capacity for a large number of genotypes in a 
short period of time at a lowered cost and a level of automation that will meet the needs of 
various users. The seedling growth apparatus requires minimal supplies and experience to set 
up. ARIA 2.0 graphic based user interface is simple, straight-forward and builds on previous 
work [80].  
 
Figure 2.13: Root phenotyping pipeline. a) Root phenotyping platform. (a) Image stage 
fabricated from aluminum, softbox lights, Canon T5i, laptop computer and, LCD monitor to 
evaluate images quality and image database. (b) Software scans are renames image 
automatically using barcode. (c) CAE framework identifies and segments root from 
background. (d) ARIA 2.0 extracts 40 RSA traits from root images. (e) Data analytics 
(genomic selection, GWAS) are performed. 
 
ARIA 2.0 was developed to address some of the deficiencies and build functionality 
to ARIA. The high-throughput root imaging system and autonomous batch processing of 
thousands of images with ARIA 2.0 allow for an automated end-to-end imaging pipeline. 
Secondly, multiple methods of root branching angle and counts were added to the original 
software’s extracted root traits. In an effort to capture the essence of a root, we integrated a 
holistic approach which identified root shape as a trait in the phenotyping framework using 
Fourier transformations. We created a color segmentation package that is user-customizable 
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for specific applications, the outcome which fed into our ML application. The low barrier 
(cost and technical expertise) to entry and rapid image capture and data processing time make 
it suitable for large scans of diverse genetic material, genetic mapping studies, RSA trait 
studies and selection strategies in breeding. 
Low-cost Imaging Platform 
As research in roots has expanded, technologies, such as high resolution digital 
cameras and computational power have increased along with specialized technicians. While 
we limit the presentation of blue paper for imaging background, our preliminary studies were 
done using gellan gum, hydroponics and brown paper cigar rolls (data not presented).  
Pouch-and-wick systems using blue germination paper have been routinely used to analyze 
and record root growth in previous studies [25, 94–97]. The correlation to root growth 
between different systems or media such as germination paper, hydroponic or gellan-gum 
and soil suggests there are differences that affect the growth of the roots; however, since all 
genotypes in this study were tested under the same system we were able to make 
comparisons between genotypes. The blue paper approach was deemed most suitable as it 
allowed simultaneous growing and imaging of hundreds of plants nondestructively in a time 
series manner with a minimal person-hour requirement. During the course of this study, the 
manufacturer (Anchor) stopped supplying this paper; however, the smooth dark blue 194 
grade paper (Ahlstrom Germany GmbH) is a substitute and an alternative which allows for 
easier root removal upon completion [95]. For soybean, at 12 days post germination, the tap 
root outgrew the blue paper system; although longer lengths can be used if the intent is to 
perform post 12 day imaging. 
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The platform’s efficiency was reduced by secondary root convergence. Slight user 
adjustment of some roots was required to ensure that the computer vision algorithm could 
detect differences between multiple roots converging in parallel. The root convergence issue 
was previously identified by Dupuy et al. 2017 [97]. Our preliminary studies concluded that 
convergence was inconsistent between root and plant genotypes and could reduce TRL up to 
18% due to the software’s inability to identify individual roots out of a mass. Therefore, our 
protocol was developed with minimal technician adjustment to reduce convergence. Further 
experiments are needed to solve the issue of convergence without adding a root processing 
step.  
Root growth can be modified due to environmental conditions such as exposure to 
light [85, 110, 111], physical contact [112, 113] and nutrient [114] or water availability [115, 
116] therefore a stable and uniform phenotyping environment is needed for root studies.  
Controlled environment studies allow for experiments with more genotypes, higher 
throughput and can be amenable to automation. Automated pipelines can be classified into 
sensor-to-plant or plant-to-sensor categories [117]. Plant-to-sensor technology often uses 
robotic instruments or conveyor belts to move the plant samples to the sensor which reduces 
handling to only one stage and creates a near fully automated image acquisition system. 
However, the initial cost for setting up these systems is often prohibitive with a requirement 
of expertise in robotics. Automated sensor-to-plant systems for root phenotyping are limited 
while manual systems such as minirhizotrons require as many as eight transparent 
subterranean tubes to achieve an accurate estimate of rooting due to the requirement of roots 
to intersect with the tube resulting in a restriction in throughput. Alternative sensor-with-
plant systems have been developed for indoor and outdoor environments that use desktop 
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scanners mounted vertically connected in parallel to a single computer [25] or custom 
developed sensors installed with the plant in the field. These systems require additional 
space, expense, expertise and are difficult to scale as each experimental unit requires its own 
device. While continual refinement of hardware is on-going, efforts to incorporate ML based 
methods and analytics are quickly gaining prominence.  
Controlled environment studies bring advantages of scale and data noise reduction 
along with cost efficiency gains. Since selection of root traits in row crops is one of the major 
challenge for breeding programs, we envision a two-step approach: (1) using a germplasm 
and pre-breeding step in controlled environment screening of root traits similar to this study 
and previous studies [25, 81, 96, 98] to assemble a smaller collection of accessions or 
experimental lines for further testing, and (2) field screening for root traits through direct and 
indirect selection. Since, for most row crop breeding programs, the ultimate goal is increase 
seed yield, indirect selection for yield traits will need identification of root traits with high 
heritability and high genetic correlation between root traits and seed yield. While advances in 
phenotyping and data analytics of above ground traits is gaining exponentially, similar 
advances in root traits are lacking due to complexity of phenotyping organs below ground 
and a spatio-temporal scale. Therefore, studies that build on expanding the inference scope of 
root trait are needed with connectivity with yield performance. While our system shows 
promise for a time-series root trait data collection, continual work is needed to expand the 
ability phenotype large number of genotypes in a wider time-series manner and also 
establishing controlled environment and field grown trait relationship.  
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ML based image preprocessing and image analysis 
Plant phenotyping can vary in number of experimental treatments and genotypes and 
thus degrees of complexity [117]. While alternate root image analysis software tools exist, 
our platform implements additional RSA traits alongside automated machine learning 
segmentation to make it feasible for use with large data sets. In a step towards full 
automation from image acquisition through analysis, user input is minimized, removing the 
interaction between the user and individual root images (such as determining anchor points 
with ARIA (original release) [80] or SmartRoot [66]). The system is capable of scaling to 
both very large root systems and large quantities of root systems. Alternative software, such 
as Root System Analyzer, are capable of using image sequences to track growth. However, 
even the fully automated system requires substantial user intervention (data not presented) 
and is more amenable for smaller dataset. Traditional image segmentation methods are not 
generalizable, as users’ needs to trial and error to identify the best segmentation model and 
model input parameter (heuristically). Whereas a shallow Convolution Neural Network 
model is generalizable and requires minimal user inputs. In our attempt to present the end-to-
end pipeline we included both hardware and software advances in our paper, which 
inadvertently meant that ARIA 2.0 advances are not exclusively highlighted. ML has become 
a critical tool to improve analysis and quantification of data in plant phenomics [56]. 
Unfortunately, the use of ML in root phenomics has been limited to root tip identification 
[90, 118] and data prediction [91]. Using a convolutional neural network for image 
preprocessing, is a new approach in root phenomics, and overcomes current challenges in 
image preprocessing. 
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RSA trait measurements 
The ideal root architecture is dependent on breeding objectives as desired architecture 
may be determined by crop, environment, fertility, and water availability however are often 
not well described [1]. Using computer vision tools, the creation and collection of RSA traits 
is nearly endless. What is important however, is to collect biologically relevant traits. The 
system described in this paper delivers as much information to the user as possible so that the 
user can then determine the biological usefulness of each trait as per the objectives of their 
studies.   
ARIA 2.0 software was used to compare three improved methods of counting first-
order lateral root branches, which were ground-truthed using manual assessments of 68 
random plants from the three time points (6d, 9d and, 12d). Automated Identification of 
second-order lateral roots could be an addition of future revisions of ARIA.  Lateral root 
branch number (LRB) had the strongest correlation to the ground truth results. NLR and IRB 
often overestimated the number of roots compared to manual counts likely due to the 
misidentification of pixel spurs. Misidentification of pixels spurs, an erroneous grouping of 
pixels on the boundary of the blue paper which is a product of the segmentation process, as 
roots resulted in false positives. Multiple roots growing together in parallel were liable to be 
counted as one, as color-based image segmentation was unable to isolate individual roots. 
One particular improvement to ARIA is the measurement of root angles, with respect to the 
direction of gravity, taken in three locations, near the primary root, at the root tip and 
throughout the root system as a whole. Previous studies have shown that root angle in rice 
[40, 119], chickpea (Cicer arietinum L.) [120] and sorghum (Sorghum bicolor L.) [121] is 
correlated to drought tolerance and root depth. The correlation between root angle and 
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drought tolerance was identified in rhizotrons [85] because water-deficient Arabidopsis roots 
grow at a steeper angle than well-watered roots [85, 122, 123]. Root count, primary root 
volume and surface area can also be found in ARIA 2.0. Thick roots have been shown to 
penetrate deeper through soil-layers [124, 125]. Thin, fibrous roots have shown  plasticity in 
response to drought . Large, thick roots act as a conduit pipe and serve a purpose in 
anchorage however, it is the fine secondary and tertiary roots that make up the vast network 
of absorbing area . Plants that optimize root absorption area while minimizing biological cost 
are desirable [37]. The aforementioned traits can be identified using the ARIA 2.0 seedling 
phenotyping pipeline, demonstrating the relevance of ML and computer vision based 
software for the study of RSA traits. Furthermore, the presented approach can also be useful 
in learning or describing new traits, and studies on the growth and development in a time-
series manner. Unlike above ground traits, root systems still do not have a well characterized 
growth or stages. An understanding of stages and processes is integral to translating root 
development into mathematical growth models, which can help develop more efficient 
plants. 
Aided by Fourier descriptors, soybean canopy shapes have been previously described 
[109, 126]. Using a similar approach, we observed that these methods were sufficient to draw 
root outlines. The process simplifies the shape while retaining important information to 
facilitate comparisons. Compelling visual differences for root shape were uncovered (Figure 
2.14), including “umbrella-shape”, “beard-shape” that is a tap root version of a fibrous root 
system, or a blend of the two shapes [127].  
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Figure 2.14: Example genotypes of (a) umbrella-shape (LG05-4832), and (b) beard-shape (PI 
594457A) root systems at 9d. 
 
Root growth has been observed to be modified due to environmental conditions such 
as exposure to light [85, 110, 111], physical contact [112, 113] and nutrient [114] or water 
availability [115, 116]. Environmental differences between growth units, even within 
controlled environments, cause complex interactions in the whole-plant system that change in 
time and space. Understanding, accounting for, isolating and eliminating these interactions is 
an ongoing challenge in biological studies involving plant phenomics and breeding. This 
system was designed to maximize data acquisition and to reduce environmental differences 
with minimal errors. Further improvements are needed to enable complex organism 
interaction studies. For example, the image based root phenotyping methods still need 
additional technological refinement and advancement to integrate microorganism-root 
interaction phenotyping and studies [11, 12, 128, 129]. 
47 
 
Controlled environment studies bring advantages of scale and data noise reduction 
along with cost efficiency gains. Since selection of root traits in row crops is one of the major 
challenge for breeding programs, we envision a two-step approach: (1) using a germplasm 
and pre-breeding step in controlled environment screening of root traits similar to this study 
and previous studies [25, 81, 96, 98] to assemble a smaller collection of accessions or 
experimental lines for further testing, and (2) field screening for root traits through direct and 
indirect selection. Since, for most row crop breeding programs, the ultimate goal is increase 
seed yield, indirect selection for yield traits will need identification of root traits with high 
heritability and high genetic correlation between root traits and seed yield. While advances in 
phenotyping and data analytics of above ground traits is gaining exponentially, similar 
advances in root traits are lacking due to complexity of phenotyping organs below ground 
and a spatio-temporal scale. Therefore, studies that build on expanding the inference scope of 
root trait are needed with connectivity with yield performance. While our system shows 
promise for a time-series root trait data collection, continual work is needed to expand the 
ability phenotype large number of genotypes in a wider time-series manner and also 
establishing controlled environment and field grown trait relationship. The novelty of our 
work is developing an end-to-end phenotyping system, and integration of ML based batch 
image pre-processing and root trait feature extraction. We envision that approach (1) will 
help in determining the genetic variation for root traits and thereby influencing selection 
differential factor of response to selection. This work provides insights on root trait diversity 
from a large collection of the USDA germplasm bank, and one of the largest such report on 
soybean root studies. 
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Conclusions 
The novelty of our work is the development of an end-to-end phenotyping system, 
and integration of ML based batch image pre-processing and root trait feature extraction. We 
have created a phenotyping pipeline that integrates image capture, image processing and 
image analysis of growing plant roots in controlled conditions providing a high-throughput, 
cost effective platform yielding biologically relevant time-series data on root growth and 
development. The outcome of hardware and software solutions provided a high quantity, 
cost-effective, efficient, repeatable seedling root phenotyping platform incorporating time 
series growth capture, and a computer vision based ARIA 2.0 integrated with ML based 
image preprocessing step. Additionally, we demonstrated the potential of the pipeline to 
capture RSA trait diversity on three selected soybean genotypes, which can be expanded to 
larger genotype set. HTP methods together with phenomics and data analytics will give 
researchers the tools needed to decipher the genetics of RSA trait expression to realize the 
potential of root driven breeding. Further work is needed to develop methods for 3D 
reconstruction, as well as methodologies to link and reduce the gap between controlled and 
field experiment root studies. We envision that approach (1) will help in determining the 
genetic variation for root traits and thereby influencing selection differential factor of 
response to selection. 
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Supplementary Figures and Tables 
 
Supplementary Figure 2.1: Correlation between manual vs. ARIA 2.0 measurement of root 
tip angles. a) a sample root of a plant on 6d. b) root segments near the root tips identified by 
ARIA 2.0. c) manual vs. ARIA 2.0 measurement of the root tips. The red line is a reference 
line of 1:1 to qualitatively show the performance of the correlation. We considered any root 
angles calculated by ARIA 2.0 as being less than 10 degrees as being outliers. This error is a 
result of very small root segments. 
 
Supplementary Table 2.1: A list of imaging system components. 
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Supplementary Table 2.2. Minimal root angle diversity among the three genotypes. A 
Kolmogorov-Smirnov test was used to detect p-value statistical differences in directionality 
on root branching angle at each of the three time points. 
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Abstract 
We report a root system architecture (RSA) traits examination of a larger scale 
soybean accession set to study the genetic diversity. RSA traits are tedious to phenotype 
which suffer from the limitation of scale, scope, and are susceptable to measurement 
variation. Combining 35,448 SNPs with a semi-automated phenotyping platform, 292 
accessions (replications = 14) were studied for RSA traits to decipher the genetic diversity 
and explore informative root (iRoot) categories based on current literature for root shape 
categories. The RSA traits showed genetic variability for root shape, length, number, mass, 
and angle. Eight genotype- and phenotype-based clusters (GBC and PBC) were found from 
the diverse accession set with significant correlations. GBC clusters correlated with 
geographical origins, and genetic differentiation indicated that much of US origin genotypes 
do not possess genetic diversity for RSA traits. Through the integration of convolution neural 
network(s) and Fourier transformation methods, we present methods to capture shape based 
clusters which are a novel way for trait cataloging for breeding and research applications. 
This combination of genetic and phenotypic analyses results provides opportunities for 
targeted breeding efforts to maximize the beneficial genetic diversity for future genetic gains. 
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Introduction 
Root system architecture (RSA) impacts grain yield and is also essential for water and 
nutrient acquisition, microbe interaction, nutrient storage and, structural anchorage [1, 2]. 
Crop breeding programs, including soybean [Glycine max L. (Merr.)], rarely utilize RSA 
traits as a selection criteria and have thus been indirectly modified over time [3]. Researchers 
are cognizant of the genetic and phenotypic complexity that is inherent at the organismal 
level, and promote standardization in terminology and removal of redundancies for 
measurement of every conceivable trait [4–6]. However, RSA studies have been hindered by 
trait and measurement complexity. The plethora of root traits identified through different 
studies and software further complicate the identification of opportunities to select the most 
informative and relevant suite of traits [5, 7–11]. A recent focus on the investigation of root 
trait methodologies has significantly advanced trait measurement capability and capacity [4, 
12–17]. Continual efforts are needed to utilize genomic and phenomic tools to study RSA 
trait variation for application in crop breeding and research programs [18].  
Various systems have been introduced to study RSA traits including methods that 
focus on the controlled environment (lab bench, growth cabinet, and greenhouse) and in the 
natural environment (production field) [4, 13, 16, 17]. Artificial environments provide the 
ease-of-use, speed and scalability required for crop breeding programs. However, field 
methods, though more resource intensive and environmentally variable generating lower 
heritability results, provide higher immediate applicability [4]. Researchers have attempted to 
gain insight through a balanced approach utilizing higher throughput systems with advanced 
technology together with field based validation leveraging the advantages of both artificial 
and field based methods while reducing their drawbacks [9, 19–21]. This will ensure a 
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comprehensive understanding of RSA traits, their genome to phenome relationship, and trait 
selection targets for cultivar development.  
In each crop species, one of the first steps in utilizing traits for practical outcomes 
starts with the exploration of its genetic diversity [11, 22, 23]. Limited information is 
available in soybean for RSA traits, limited QTL studies have explained genetic control and 
other studies with a limited number of genotypes have been published [24–26]. Soybean is an 
interesting crop for these studies due to a severe genetic bottleneck reported in cultivated 
varieties [27]. Despite the narrow genetic diversity soybean cultivars in the USA, non-root 
trait focused studies have reported the value of germplasm banks being well equipped with 
large and useful genetic diversity [28–35]. 
Morphology parameters are useful to classify roots into different types and to 
correlate root type to environmental advantages, such as nutrient acquisition and drought or 
flood tolerance. For example, crop species with deep rooting systems have been correlated to 
adaption in drought prone environments [1, 36, 37] while those with prolific shallow root 
systems have been shown to have efficient phosphorus uptake [38–45]. The ‘steep, deep and 
cheap’ root type in maize has been promoted for efficient and effective water and nitrogen 
acquisition [46]. A highly competitive root with fast-growing characteristics, efficient root 
placement, including deep roots to chase moisture through the soil profile is most suitable for 
water deficit crop growing environments [1, 37, 47, 48]. Soybean taproots that elongate faster 
from germination also have been shown to burrow deeper into the soil profile, have increased 
root densities at depth, and are better able access to water in drought situations [49, 50].  
A current dilemma is that optimum root architecture is based on the assumption that 
deep roots need to be complemented with shallow lateral roots to efficiently forage for soil 
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immobile nutrients [39, 51, 52].  Identifying and implementing the optimum root 
architecture requires further exploration of trait diversity. The initial step should be the 
compilation of reported root shape categories available in the literature (see Material and 
Methods section iRoot categories), which can be accomplished through the analysis of 
phenotypic information. For example, single nucleotide polymorphisms (SNPs) can help 
determine genetic variability and create genotype based clusters. Similarly, genetic diversity 
and relationships can be studied on a trait by trait or overall trait basis using phenotypic 
information in conjunction with principal components analysis (PCA) and hierarchical 
clustering statistical methodologies allowing further insights to be drawn using genetic 
diversity [53]. 
The overall objective of this research was to study the root trait genetic diversity in 
soybean using 292 soybean accessions from the USDA core collection primarily in maturity 
group II and III and a subset of the soybean nested association mapping (NAM) parents. 
These accessions were studied in controlled environment conditions and phenotyped with a 
semi-automated imaging platform at 6 (6d), 9 (9d) and 12 (12d) days after germination. 
Genotype based clusters were created using SNPs data generated by 50K Illumina chip. 
Phenotype clusters were created using thirteen root traits including total root length (TRL), 
primary root length (PRL), root width (WID), convex area (CVA), number of lateral root 
branches (LRB), primary root volume (VOL), lateral root angle (LRA), inversed solidity 
(SOL2), length distribution (LED), rhizosphere area (RHZO), total root length growth rate 
(TRL_GR), total root length of the upper 1/3 (TRLUpper), root dry weight at 12 days after 
germination. Root shape based clusters were created using averaged, smoothed, normalized 
and compressed (high-level features) root shape outlines data generated by Elliptic Fourier 
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Transformation (EFT) and a Convolution Neural Network (CNN). We created informative 
root (iRoot) categories based on root types such as drought tolerant or nutrient foraging as a 
method look beyond individual root traits to capture the essence of differing root shapes and 
characteristics. Our results indicate that soybean accessions for RSA traits are genetically 
diverse, and country of origin specific trends and differentiations were evident. The US 
accessions showed limited genetic diversity and can benefit from the inclusion of additional 
accessions to current US breeding programs providing useful RSA trait diversity.  
Methods 
Plant Materials 
The diversity panel used in this experiment consisted of plant introductions (PIs) from 
the USDA core collection and Soybean Nested Association Mapping (SoyNAM) parental 
lines [54]. Selections from the SoyNAM panel included lines with diverse ancestry (n=10) 
and high-yielding elite lines (n=13), which were combined with the USDA core collection 
landraces (n=269) to assemble a genetically diverse panel that had previously been 
genotyped. These genotypes consisted of a wide range in geographical origin (12 countries), 
maturity group (group 1 (n=19), 2 (n=115), 3 (n=156), and 4 (n=2)), and growth habit 
(determinate, semi-determinate, indeterminate) along with various other morphological and 
seed quality traits. 
Seedling Growth 
The protocol for seed germination and transplanting is described in Falk et al. 2019 
[55]. Briefly, ten seeds of each genotype were germinated in paper rolls prior to being 
transplanted at five days onto wet blue germination paper for root trait phenotyping. Two 
blue germination papers (30cm x 45cm) (Anchor Paper, Minneapolis, MN), each containing 
seedlings of a particular genotype were placed together, attached with binder clips as a 
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growth pouch unit. Each growth pouch unit was suspended by the rungs of a growth chamber 
shelf with the lower 3cm of the paper submerged in water.  
The growth chambers were 175 cm by 100 cm and contained standard metal grate 
shelves 1.3 cm by 35 cm slots (Controlled Environments Ltd, Winnipeg, Canada). The 
growth chambers contained a plastic tote on the floor providing a water depth of 5 cm 
allowing each growth paper unit to be submerged to 3 cm (see above). Growth chambers 
were set at 25°C during a 16 hour day, 22°C for an 8 hour night. Growth chamber light 
intensity was measured at 300 and 350 µmol photons m-2 s-1 using a Li-250A light meter (Li-
Cor Biosciences, Lincoln, NE, USA). 
Root Phenotyping 
The seedling growth system allowed for non-destructive imaging at multiple time 
points, 6, 9 and 12 days after germination, when the seedlings were removed from the growth 
chamber, imaged, and returned. The details for imaging platform are available in Falk et al. 
2019 [55]. Broadly speaking, the imaging platform consisted of a Canon T5i digital SLR 
camera (Lens: EF-S 18-55mm f/3.5-5.6 IS II) (Canon USA, Inc, Melville, NY) mounted to 
an aluminum T-slot extrusion frame (80/20 Inc., Columbia City, IN)  with two softbox 
photography lights (Neewer; Shenzen, China), four 70 watt CFL bulbs in total, to provide 
consistent illumination. Together with a connected laptop computer, the entire system was 
assembled on a utility cart (Uline, Pleasant Prairie, WI) creating a small, mobile imaging 
station. Images were captured via a laptop computer using Smart Shooter 3 remote capture 
software (https://kuvacode.com) allowing for automatic image renaming via the barcode 
affixed to the blue germination paper, optimizing time and reducing human transcription 
error.  
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Root phenotyping software, ARIA 2.0 [55] was used to batch process thousands of 
images.  Prior to image processing, color thresholding app extension in MATLAB 
(MathWorks, Inc., Natick, MA) was used to create color masks separating the foreground 
(root) with the background (blue paper). Bulk images were then processed through the ARIA 
software for root segmentation and skeletonization first, followed by root system architecture 
trait information extraction. Seedling shoot and root dry weights were also collected. 
Statistical Analysis 
All statistical analyses were performed using R unless otherwise specified. To 
evaluate the 292 genotypes, we first eliminated outliers using Tukey’s boxplot method [56] 
before calculating best linear unbiased predictor (BLUP) values for each traits utilizing a 
mixed model and the ‘lme4’ package [57, 58]. In the model, (Equation 3.1), yik is the 
response variable of the ith genotype at the kth block (i.e., growth chamber used), μ is the total 
mean, gi is the genetic effect of the i
th genotype, bk is the block effect, and eik, is the 
experimental error following N(0, σ2e). All factors were considered random effects. Broad 
sense heritability was calculated on an entry-mean basis using Equation 3.2, where σ2g is the 
genotypic variance, r is the number of replications (r = 14). Tukey’s honestly significant 
differences (HSD) [59] was used to identify statistical differences between genotypic based 
clusters (GBC) in which MSE is the mean squared error, q is the test statistic found in the q-
table, Sa is the number of observations of the a
th group (Equation 3.3). To identify excessive 
correlation, collinearity test of the predictor variables was performed using a variance 
inflation factor of five as a threshold to quantify the severity where R is the regression 
coefficient of the jth variable with respect to the rest of the variables (Equation 3.4). 
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Table 3.1: Measured and derived root system architecture traits captured by ARIA 2.0 as well 
as plant dry weights.  
 
Fixation indices were calculated using the Hudson FST approach using the fst.hudson 
function in the KRIS R package where ni is the sample size and 𝑝𝑖 is the sample allele 
frequency in population i for i ϵ {1,2} (Equation 3.5). 
Equation 3.1 
𝑦𝑖𝑘 = 𝑢 + 𝑔𝑖 + 𝑏𝑘 + 𝑒𝑖𝑘 
69 
 
Equation 3.2 
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2
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𝑟
 
Equation 3.3 
𝑇𝑢𝑘𝑒𝑦′𝑠 𝐻𝑆𝐷 =   𝑞√ 
1
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Equation 3.4 
𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝐼𝑛𝑓𝑙𝑎𝑡𝑖𝑜𝑛 𝐹𝑎𝑐𝑡𝑜𝑟 =  
1
1 − 𝑅𝑗2̅̅ ̅̅ ̅̅ ̅̅ ̅
 
Equation 3.5     FST
Hudson =  
(p̃1−p̃2)
2
−
p̃1(1−p̃1)
n1−1
−
p̃2(1−p̃2)
n2−1
p̃1(1−p̃2)+p̃2(1−p̃1)
 
 
Informative Root (iRoot) Categories 
We created iRoot categories to assimilate RSA trait information using 13 traits (TRL, 
PRL, WID, CVA, LRB, VOL, LRA, SOL2, LED, RHZO, TRL_GR, TRLUpper, Root 
weight) into previously reported categories. This accomplished: (a) dimensionality reduction 
(looking at a category rather than individual traits), (b) increased the traits’ biological 
relevance, and (c) captured the essence of differing root shapes based on previous scientific 
work. For simplicity, root traits identified in previous work [7, 9, 60–62] were included to 
generate each iRoot category including (1) nutrient foraging, (2) drought tolerant, (3) 
umbrella, (4) beard, and (5) maximum. The 13 constituent root traits of the iRoot categories 
are identified in Table 3.2.  
The nutrient foraging iRoot category was based off previous reports [39] which 
describe this phenotype as maximizing the distribution of lateral roots in the topsoil at a 
minimal metabolic cost, to outperform competitor genotypes in nutrient poor soil. The 
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phenotype contains a wide root system with a high ratio for total root length in the upper 1/3 
of the root system as well as a fast TRL_GR. The drought tolerant iRoot category followed 
the ‘steep, deep and cheap’ paradigm [46] created by selecting a long primary root with a 
high total root length growth rate while selecting steep lateral root angles (low-angle is more 
advantageous) and minimizing root solidity (NWA/CVA), thus minimizing spatial density 
and therefor the metabolic cost. The beard iRoot type [63] maximizes total root length, the 
number of lateral root branches and length distribution (TRLUpper/TRLLower) while 
minimizing root width, lateral root angle and root solidity (NWA/CVA) thus maximizing 
root density. The umbrella category [63] maximizes primary root length, root width, convex 
area, lateral root angle, and length distribution. Finally, the maximum iRoot category was 
created for this study with an effort to identify genotypes that maximize the phenotypic 
potential without a particular environment in mind (Figure 3.2f). Analysis of iRoot categories 
was restricted to images from nine days after germination. 
RSA trait correlations 
Correlations between 49 plant traits were obtained using Pearson correlation by 
implementing cor function in the ‘stats’ package. Traits were grouped using hierarchical 
clustering using complete linkage with the hclust function. Visualization was performed 
using the ‘corrplot’ package. 
Phenotype Based Clustering (PBC) 
The thirteen root traits (TRL, PRL, WID, CVA, LRB, VOL, LRA, SOL2, LED, 
RHZO, TRL_GR, TRLUpper, Root weight) applicable to generate iRoot categories were 
used to create PBC. Accessions clustered together into eight groups based on hierarchical 
clustering using complete linkage with the hclust function. A heatmap was created using the 
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‘heatmap2’ and ‘dendextend ’packages to display the interactions between the genotypic 
relationships and phenotypic performance across the 13 root traits. In this manuscript, better 
performance merely indicates higher value of the root trait, with root angle being an 
exception. 
Genotype based Clustering (GBC) 
The PIs from the USDA soybean germplasm collection has been genotyped using the 
Illumina SoySNP 50k iSelect BeadChip (Illumina, San Diego, USA), which detected the 
segregation of 42,509 SNPs. Using pre-processing steps to eliminate SNPs below a minor 
allele frequency of 0.05 and monomorphic SNPs, 35,448 SNPs were identified and used for 
subsequent analysis. Principal components analysis was performed on SNP data using the 
prcomp function the ‘stats’ package and graphed using the ‘ggplot2’ package. Nei’s genetic 
similarity was used to construct a pairwise distance matrix using all polymorphic SNPs [64–
66]. Hierarchical cluster analysis using Ward’s minimum variance produced a linkage 
dendrogram using the ‘dendextend’ and ‘circlize’ packages [67].  The optimal number of 
SNP-based clusters was determined using the iterative K-means approach in which the 
procedure successively increases the number of clusters and measures the goodness of fit 
based on the Bayes Information Criterion (BIC). Eight genotypic-based clusters (GBC) were 
created inferred from the inflection point in the BIC curve (Supplementary Figure 3.1).  
Mean Root Shape and Shape Clustering 
Mean root shape outline was generated from all the root images for a genotype using 
via EFT. In brief the steps are: a) collect all the segmented root images for a genotype; b) 
dilate the images with a 50 x 50 kernel; c) extract the shape outline; d) perform EFT on the 
outline; e) calculate mean Fourier descriptors for all the roots (n ≤ 14) for a genotype; f) 
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reconstruct mean shape outline with N Fourier harmonics (Supplementary Figure 3.3).  Here, 
dilation step (b) was necessary to capture the root shape faithfully, specially missing the long 
tap root, by EFT, and in the reconstruction step (f) we used N = 5 to capture only the basic 
shape of the roots.  
Shape based clustering was performed on the mean root shape using a CNN and k-
means algorithm. In brief the steps are: a) Fill the mean shape outline and pad the image 
along the width direction to make it square. b) Use a convolution autoencoder network to 
convert the images into eight dimensional (high level feature) vectors. The architecture of the 
network is shown in the supplementary. c) Cluster the roots into eight groups using k-means 
clustering with Euclidean distance as the distance metric. 
Results 
Genetic diversity for Root system architecture (RSA) traits 
Descriptive statistics, broad sense heritability and ANOVA analysis of RSA traits, 
and plant and seed weights at 6, 9 and 12 days after germination were reported 
(Supplementary Table 3.1). Genotypes displayed a range of phenotypic expression across the 
three imaging days. Genotypes were a significant source of variation for all but one trait 
(width-depth ratio at 12d). Large variation was observed for a majority of traits evidenced 
through comparison of mean, median, and trait ranges for RSA traits. Broad sense heritability 
across traits ranged from 0.26 – 0.93 (6d), 0.14 – 0.92 (9d) to 0.04 - 0.93 (12d). Minimal 
differences of the traits were observed among the diverse, elite and landrace groups. 
Supplementary Table 3.2 displays the statistically significant root traits between diversity 
groupings. Tukey’s honest significant difference metrics relating to the PRL, PRA and DEP 
of accessions with diverse ancestry and elite lines were often larger than landraces at 9d and 
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12d. Additionally, WDR of landraces at 12d was higher than elite lines which is attributed to 
elite lines’ longer DEP.  
Trait relationship and iRoot categories 
Trait relationships were determined using Pearson’s correlation coefficients (Figure 
3.1). A large set of traits, which provide metrics for length, width and area (WDR, MSL, 
SRL_LRB, Area, TRLUpper, TRAUpper, MAX, TRL_GR, PER, RHZO, SRL, TRL, NWA) 
showed strong correlations and formed a hierarchical cluster. Root weight correlated (greater 
than 0.8) with shoot weight, TRArea, and TRAUpper. TRArea and TRAUpper formed a 
separate cluster together. Inter-trait correlations were strongest at 6d and decreased in 
intensity (measured using cumulative correlation intensity) in successive stages 
(Supplementary Figure 3.5). Individual traits often transitioned among clusters between time 
points; however, the general clustering of traits related to (a) length, (b) width and (c) area 
remained consistent.  
From this point forward, we focus primarily on results of 13 root traits (TRL, PRL, 
WID, CVA, LRB, VOL, LRA, SOL2, LED, RHZO, TRL_GR, TRLUpper, Root weight) that 
define the iRoot categories. While some of these 13 traits showed collinearity, we report on 
all of them to facilitate comparison with previous literature [7, 9, 60–62]. The thirteen root 
traits show a range of expression. The maximum iRoot category consisted of traits that are 
relatively dispersed across the correlation matrix (Figure 3.1). However, not all iRoot traits 
were well distributed with the umbrella iRoot comprising of five correlated root traits (Table 
3.1). For effective visualization and analysis, mean values of the traits of the top 10 ranked 
iRoot genotypes were employed as a reference (Figure 2.2a). The maximum and nutrient 
foraging iRoot types followed a similar trend across the traits despite sharing only one 
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common trait in their compilation. Likewise, umbrella and drought tolerant iRoot categories 
performed similarly despite also being described by dissimilar traits with the exception of 
LRA, which has an inverse relationship between these two iRoot categories. The beard type, 
an attempt to create a non-taproot (fibrous) iRoot category from a taproot species, was 
dissimilar from other types, and relatively lower performing.  
The highest ranked soybean genotypes in each of the iRoot category were: nutrient 
foraging: PI 479713; drought tolerant: PI 458506; umbrella type: PI 438139; beard type: PI 
430596; maximum: PI 507487 (Figure 3.2). Often, accessions performed well in multiple 
iRoot categories. Genotypes PI 507487 and PI 578367 performed exceptionally well and 
appeared in the top ten genotypes for three separate iRoot categories including maximum, 
nutrient foraging and umbrella. Soybean genotypes PI 458506 and PI 507491 placed in top 
ten genotypes for maximum, nutrient foraging and drought tolerant, while PI 89134 was in 
top ten genotypes for maximum, beard and drought tolerant categories. The maximum and 
foraging iRoot categories had a substantial overlap (7 of the top 10) of genotypes 
representing both categories.  
The shape profiles were created from all collected images of the top 10 ranked 
genotypes. Each profiles is distinct due to a combination of shape, size and structure. The 
nutrient foraging (a) and maximum (e) representations display a similar shape while the 
beard shape (c) is visually distinct from the other categories. The drought tolerant based 
shape (b) shows reduced upper to lower width ratio compared to maximum (a), umbrella (b) 
and nutrient foraging (d) were less distinct from each other. 
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Figure 3.1: Pearson correlation matrix of root traits at 9 days after germination measured on 
292 soybean accession (replications = 14). Hierarchical clustering was used to group similar 
traits. Symbols (shape and color) denote RSA traits used in the corresponding iRoot index 
(cumulative trait scores). The x-axis and y-axes both represent phenotypic root traits. Total 
Root Length, (TRL),  Primary Root Length, (PRL), Secondary Root Length, (SRL), Mean 
Secondary Root Length, (MSL), Total Root Length Upper, (TRLUpper), Total Root Length 
Lower, (TRLLower), Perimeter, (PER), Depth, (DEP), Width, (WID), Diameter, (DIA), 
Lateral Root Branches, (LRB), Nodes of Lateral Roots, (NLR), Independent Lateral Root 
Branches, (IRB), Number of Lateral Root Tips, (TIP), Median, (MED), Maximum Number 
of Roots across any y-axis , (MAX), Maximum Number of Roots, (MNR), Convex Area, 
(CVA), Rhizosphere Area, (Rhzo), Total Root Area, (TRArea), Primary Root Surface Area, 
(PRA), Total Root Area Upper, (TRAUpper), Total Root Area Lower, (TRALower), 
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Volume, (VOL), Lateral Root Branching Angle, (LBA), Lateral Root Angles, (LRA), Lateral 
Root Tip Angle, (RTA), Width/Depth ratio, (WDR), Solidity, (SOL), Bushiness, (BSH), 
Length Distribution, (LED), Secondary Root Length by Primary Root Length, (LSLPL), 
Center of Mass, (COM), Center of Point, (COP), Center of Mass (Top), (CMT), Center of 
Mass (Mid), (CMM), Center of Mass (Bottom), (CMB), Center of Point (Top), (CPT), 
Center of Point (Mid), (CPM), Center of Point (Bottom), (CPB). 
 
 
 
Figure 3.2: (a) Five iRoot categories developed using 13 descriptive traits and their root trait 
performance generated from the mean trait values of the top 10 ranked iRoot genotypes at 9 
days after germination. Data was compiled from 292 soybean accessions (Replications = 14, 
genotypic BLUPs are represented by the black dots. Segmented root images are top ranked 
entries representing the five iRoot categories. (b) nutrient foraging, PI 479713 (c) drought 
tolerant, PI 458506 (c) beard, PI 430596 (d) umbrella, PI 438139, and (f) maximum, PI 
507487 at 9 days after germination. 
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Table 3.2: Five iRoot categories and mean of 13 root traits (TRL, PRL, WID, CVA, LRB, 
VOL, LRA, SOL2, LED, RHZO, TRL_GR, TRLUpper, Root weight) at 9 days after 
germination) generated from the top 10 ranked representative genotypes. Symbols are coded 
for each iRoot category.   
 
 
Mean Root Shape Outline of the iRoots  
Mean root shape profiles of the top 10 ranked genotypes of each iRoot at 9d were 
generated using five harmonics of Elliptic Fourier descriptors as described in the material 
and method section (Figure 3.3).  
 
Figure 3.3: Root profiles at 9d were extracted from all collected images of the top 10 ranked 
genotypes of each iRoot category using mean boundary with Fourier coefficients at five 
harmonics; (a) nutrient foraging type (n = 92) (b) drought tolerant (n=86) (c) beard type (n = 
98) (d) umbrella type (n = 100) (e) maximum (n = 89). To facilitate comparisons, all the 
shapes were aligned at the top (at r = 0) and were vertically centered (c = 0). 
 
Phenotype based clustering 
Due to the nature of the analysis and its reporting, PBC were arranged so that high 
performing genotypes constituted PBC “A” (n=3) while a decreasing gradient was formed to 
the lowest performing PBC “H” (n=4) (Supplementary Table 3.4). The majority of genotypes 
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fell into PBC “C” (n=98), “D” (n=56) and “E” (n=83) (Table 3.3). One exception to the 
gradient was the SOL2 root trait, a root growth efficiency metric calculated by the convex 
area over the network area. 
Genomic-based clustering (GBC) 
The first two principal components generated explained 11.3% and 6.2% of the 
genetic variation (Figure 3.6a). Visually, the PCA scaffold was predominately soybean 
accessions from China (n=158), while clusters of accessions representing USA (n = 23), 
Japan (n = 46), and Russia (n = 17) were also evident (Table 3.3). The USA accessions’ 
composed the majority of GBC “A” (75.9 %), Japan in GBC “E” (67.5 %), Korea and Russia 
in GBC “B” (34.4 %). Soybean accessions from China were represented in all eight GBCs, 
but primarily (at least 10 or more accessions) in GBC “B” (50.0 %), “C” (70.0 %), “D” (90.2 
%), “G” (81.6 %), and “H” (95.0 %). GBC “B” and “E” accessions were primarily of 
determinate growth habit. Mean fixation indices, based on SNP values, were calculated 
between GBC to display genetic diversity (Table 3.2). The fixation indices of GBC “B” were 
relatively low to GBC “A”, “C”, “D”, “E”, and “H” (0.133) while GBC “F” (0.312) and “G” 
(0.267) were relatively high to all other GBC. To visualize the overlap between PBC and 
GBC, we created a dendrogram representation containing PBC and GBC information of the 
292 soybean genotypes (Figure 3.4). We noted that PBC “C”, “D”, “E” spanned all GBC 
clusters except GBC “F”. 
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Table 3.3: Summary data for genotype, phenotype and shape based clusters in respect to 
country of origin, maturity group (MG), growth habit, diversity and, root traits at 9 days after 
germination, iRoot category rankings and phenotype based cluster mean value. 
 
 
 
Table 3.4: Mean fixation indices, based on SNP values comparing between genotypic-based 
clusters (GBC), (low number = low diversity, high number= high diversity). 
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Figure 3.4: Dendrogram displaying genomic and phenomic relationships of 292 soybean 
genotypes. Eight genotype based clusters (GBC) based on genetic distances are displayed as 
the tree’s branch colors. Eight correlating phenotypic based clusters (PBC), based on 
complete linkage of 13 root traits (TRL, PRL, WID, CVA, LRB, VOL, LRA, SOL2, LED, 
RHZO, TRL_GR, TRLUpper, Root weight) at 9 days after germination are displayed as the 
tree’s leaf colors. Genotype country of origin is displayed in the tree’s leaf text. 
 
Using the knowledge that the phenotypic based clustering algorithm created a 
performance gradient, we set the high performing PBC “A” as “1” with a gradient to the low 
performing PBC “H” as “8”. We then calculated the mean PBC the genotypes for each GBC 
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cluster to rank GBCs performance. The mean PBC value for each GBC from “A” to “H” is 
4.00, 3.72, 3.35, 4.15, 4.12, 6.88, 4.55, and 3.7 respectively. These results demonstrate that 
GBC “B”, “C” and “H” contained higher performing genotypes, having a mean < 4 while 
GBC “F” and “G” performed poorly with mean PBC values of 6.88 and 4.55. Focusing on 
the country of origin, the mean PBC value for each country, from low to high, were Russia = 
3.47, Korea = 3.65, China = 3.99, USA = 4.17, Other = 4.29 and Japan = 4.46. However, 
each cluster and country of origin did not have an equal number of accessions, therefore, 
preventing a balanced head to head comparison. The top 10 ranked genotypes representing 
the maximum and drought tolerant categories come from high performing PBCs “A”, “B”, 
and “C” while the top 10 representing nutrient foraging came solely from PBC “A” and “B”. 
The top 10 genotypes of the umbrella type have representatives in PBC “B”, “C”, and ”D”; 
and the beard type have representatives in PBCs “C”, “D”, and “E”.  
A two-way clustering heatmap was used to further facilitate comparison of genotype 
and phenotype performance (Figure 3.5). The left-hand side of the heatmap displays how 
GBC group together through the iRoot categories, while the right-hand side displays scaled 
results for the 13 root traits that formed the iRoot categories. The largest grouping of root 
traits consisted of WID, CVA, TRLUpper, TRL_GR, TRL, and RHZO; and this group 
remained consistent at 6d, 9d and 12d while the remaining 7 traits did not form tight groups 
(Supplementary Figure 3.4). GBC “F” and “G” grouped together in general as identified by 
the red (left) and orange (right) shading denoting substandard iRoot category performance. 
Conversely, GBC “B”, “C” and “H” perform well. Further examination within each GBC 
indicates that particular sub-branches within each cluster often perform better than others, 
and this is evident for categories and individual traits. For example, this is evident in the 
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lowest-most sub-branch of the large GBC “B”, which has 19 genotypes displays strong 
results for umbrella, maximum, nutrient foraging and drought tolerant iRoot types as well as 
for the majority of root traits. 
 
 
Figure 3.5: Correlations between genotype (x-axis) and phenotype (y-axis) for 9d after 
germination using data from 292 soybean accession studies for 13 root traits (TRL, PRL, 
WID, CVA, LRB, VOL, LRA, SOL2, LED, RHZO, TRL_GR, TRLUpper, Root weight) and 
5 iRoot categories, nutrient foraging, drought tolerant, umbrella, beard and maximum 
(replications per accession = 14). Dendrogram on the x-axis developed using hierarchical 
clustering using SNP data; y-axis displays iRoot categories and 13 root traits that comprise 
iRoot category. 
 
The ranking of iRoot categories showed that GBC “B”, ”C”, ”D”, ”E” and “H” have 
representatives in the top 25 representative genotypes of each iRoot categories while GBC 
“F” had none (Table 3.5). GBC “B” had the highest proportion of lines in maximum, nutrient 
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foraging and drought tolerant. GBC “A” had low representation; one genotype each in 
maximum, nutrient foraging and drought tolerant, zero in beard and three in umbrella iRoot 
categories. The top 10 ranked genotypes representing maximum and drought tolerant iRoot 
categories come from PBC “A”, “B”, and “C” while the top 10 representing nutrient foraging 
stem only from PBC “A” and “B”. The umbrella top 10 ranked genotypes have 
representatives in PBC “B”, “C”, and “D” while the beard category range from PBC “C”, 
“D”, and “E”. 
Table 3.5: Presence of the top 25 ranked iRoot from each categories within the genotypic 
based cluster. The number of individuals and the percent distribution with respect to the 
cluster size 
 
To further explore the relationship between genotypic data, phenotypic data and iRoot 
categories, iRoot category ranking (for each genotype from 1 to 292) was averaged for each 
cluster (Table 3.3). The results reflect whether certain genotypic clusters display iRoot 
features. In step with earlier results, GBC “C” produced the top average ranking in umbrella, 
nutrient foraging and maximum iRoot types as well as having the best overall average 
ranking (116) while GBC “F” produced the worst ranking in nutrient foraging, drought 
tolerant, umbrella and maximum iRoot type as well as worst overall average ranking (239). 
GBC “D” displays a high ranking for the beard iRoot type (68). Additionally, the average 
iRoot scores of the 19 genotypes that make up a small, genetically divergent sub-branch of 
GBC “B” are 89, 104, 66, 95 and 164 out of a possible 292 for maximum, drought tolerant, 
nutrient foraging, umbrella and beard iRoot types respectively. Genotypes from Russia and 
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Korea produced better than average iRoot rankings of 121 each in relation to China = 147, 
Other = 148, USA = 159 and Japan = 164. Finally, maximum root type iRoot rank results 
were plotted on the genomic data produced PCA plot for visualization (Figure 3.6). The 
presence of plane separation between red (low performing) and blue (high performing) dots 
show the correspondence between the performance of soybean accessions and genotypic 
data.
 
Figure 3.6: Genomic based clustering of 292 soybean genotypes from 35,448 SNP markers. 
The two principal components accounting for 11.3% (PCA1) and 6.2% (PCA2) of the 
genetic variation. (a) Color represents the country of origin. (b) color represents “Maximum” 
iRoot category rank. Blue (best rank) to Red (worst rank) color gradient is used to show 
ranks of 292 soybean genotypes (c) 292 genotypes colored by their allotted genotype based 
cluster (GBC). 
 
Differences appear when comparing genomic and phenomic based clustering method 
across 13 root traits in which GBC “C” performed well and GBC “F” performed poorly 
(Figure 3.7a). GBC “B”, “E” and “H” display consistency in relation to the other clusters. 
The trend lines from 6d through 12d show that GBC “F” and “G” consistently have poorer 
performance (data not shown). GBC “A” performed similarly GBC “B”, “C” and “E” for the 
majority of root traits with the exception of PRL and DEP. PRL and DEP had a higher trait 
value compared to the mean at 6d, 9d and 12d; and LRB, which had 1.1% more lateral root 
branches than the mean on 12d (Supplementary Table 3.4). In GBC “A”, with the exception 
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(data not shown). LG05-4464, a line with diverse ancestry, ranked first of 23, in TRL and of 
f  
Figure 3.1: Mean values of 13 RSA traits (TRL, PRL, WID, CVA, LRB, VOL, LRA, SOL2, 
LED, RHZO, TRL_GR, TRLUpper, Root weight) at 9 days after germination of (a) eight 
genotype based clusters (GBC) based on genetic distances and hierarchical cluster analysis, 
(b) Eight phenotypic based clusters (PBC) based on complete linkage of 13 root traits and, (c) 
shape based clusters (SBC) based on Euclidean distances among the root shape outlines 
represented in a eight dimensional high level feature space. Data was compiled from 292 
soybean accessions (Replications = 14), genotypic BLUPs are represented by the 292 black 
dots. 
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LG05-4464, the 23 genotypes from the USA performed relatively similar to one another 
TRArea measurements as well as WID and thus outpaced the others within GBC “A”. PBC, 
grouped based using the aforementioned 13 root traits and therefore distinctly separated for 
root traits with the exception of LRA and SOL2 (Figure 3.7b).  
Shape based clustering 
Shape based clustering was performed on the roots at 9d. Mean values of shape-based 
clusters (SBC) labeled “A”, “B”, “C” and “D” display strong performance across the 13 root 
traits while SBC “G” and “H” perform poorly (Figure 3.7c). SBC “A” had a strong 
performance in the 13 traits used in iRoot estimation, SBC “H” had generally poor 
performance (Table 2.3). Cross-referencing SBC “A” to GBCs, individuals were derived 
from higher performing GBCs including GBC “B” (n=17), “H” (n=6), “C” (n=4), “D” (n=4) 
and “E” (n=4). Low performing GBC “F” contains 8 genotypes which all correlate to low 
performing shape clusters, 4 being in SBC “G” and 4 being in SBC “H”. China is well 
distributed across SBC while Japan has a moderate presence in SBC “H” (n=14). SBC “A” 
had a higher iRoot ranking than other SBCs for maximum, drought tolerant, nutrient foraging 
and umbrella types while SBC “H” had the highest ranking for beard-type (Table 3.3). 
Genotypes deriving GBC “A” do not show distinct correlation with any particular SBC. 
However, GBC “A”, which is composed of largely US accessions, lacks presence in both 
high performance and low performance SBC clusters. 
Discussion 
Over 12,000 images were collected over three time points during the course of this 
experiment.  ARIA based trait extraction, provided over 500,000 data points. Best linear 
unbiased predictors (BLUPs) were calculated to act as a weighted genotypic mean for all root 
system architecture traits as well as seed, root and shoot dry weights. Broad sense heritability 
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of root traits was equal or above similar previous studies [7, 60, 62] with 15 traits being 
above 0.9 and 27 being above 0.8, which could be reflective of the number of replications 
(14) used in this study as compared to previous studies [7, 60, 62, 68]. The inherent 
variability in complex root traits requires maximizing replications, and our analysis indicated 
that 14 replicates maximized broad sense heritability (Supplementary Figure 3.1). Strong 
correlations between root traits concurred with a priori hypotheses including root weight 
correlates with long TRL, increased LRB, CVA, VOL, and WDR. The root traits providing 
metrics for length and width generally clustered together, while those for weight, volume and 
root number correlated.  
This study aimed to connect genomic and phenomic information to elucidate genetic 
diversity present for RSA traits. Using genomic distance approaches, genotypes were 
grouped into eight clusters for analysis using SNP data (GBC) and eight clusters using the 
phenotypic data (PBC) using data from 13 root traits. As GBC “A” consisted primarily of 
USA-derived soybean accessions; we explored the trait expression in depth to determine the 
extent of genetic diversity as it is important for breeding applications. Selection efforts in the 
last century have only indirectly targeted root architecture traits, while the primary efforts 
have been to select for seed yield and under the influence of agronomic and management 
practices including plant population density, fertilizer application, water 
availability/irrigation and soil types. Implicit assumptions are made that above ground trait 
variability and expression mirrors below ground RSA traits. Supporting this, studies have 
shown a positive relationship between common bean leaf surface area and root surface area 
[69], allowing for indirect selection of root through shoot assessment. Our results showed 
that GBC “A” clusters predominantly US accessions did not have full expression of 
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phenotypic diversity for RSA traits. GBC “A” at 9d displayed average root trait expression 
with the exception of above average PRL and DEP (two correlated traits; at 9d r = 0.996) 
suggesting these genotypes show possible drought tolerance characteristics. However, GBC 
“A” did not display differences in LRA or TRL_GR, other traits reported for positive drought 
response. These results suggest American germplasm has been indirectly selected for long 
PRL (reported in this paper using controlled environment conditions), which has been linked 
to increased drought-tolerance [36, 37] as well as for LRA and other surrogates of drought 
tolerance response. While some of the accessions were cultivars, the lack of RSA trait 
diversity presents opportunities to further improve the genetic potential of crop cultivars. 
While we predominantly focused on studying the US accessions, these approaches and 
results can be useful for breeders and researchers worldwide to understand the complement 
and suite of genetic and trait diversity in their programs and targeted regions to acquire 
incremental diversity.  
The iRoot categories were generated by leveraging phenomic data to capture the 
essence of differing root shapes. While these iRoot categories have been reported in different 
crops, we integrated information from multiple crops to study and explain the root trait 
diversity in soybean. The root shapes were based on previous work of the root scientific 
community including nutrient foraging [39], drought tolerant [46], beard [63] and umbrella 
[63], while an additional category of ‘maximum’ was created. The maximum iRoot category 
was created to identify the greatest root growth potential regardless of environment. The 
umbrella iRoot category based on Liao (2001), who uses the common bean as an archetype 
of umbrella shape describing it as P-foraging noting that “basal roots tend to be shallow in 
the phosphorus-rich topsoil and tap roots tend to be deep for water in the subsoil”. The 
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nutrient foraging iRoot category, similar to the umbrella type, was created to capture a root 
phenotype that could optimize nutrient acquisition in low-fertility soils [39]. The nutrient 
foraging iRoot is composed of a wide root system with a high ratio for total root length in the 
upper 1/3 of the root system as well as a fast growth rate. The beard shape iRoot was noted as 
the ideal rice root type, “moderately dispersed yet uniformly distributed adventitious and 
lateral roots so as to keep most roots in the topsoil for phosphorus and a few roots in the 
subsoil for water” [59]. The drought tolerant iRoot category was developed to “chase the 
water”, in other words, fast growing, steep, deep roots provide yield security during drought 
[39, 52]. Potentially, soybean genotypes with a dominant, rapidly elongating taproot could 
lead to a deeper root system and better water acquisition. Uga et al. (2015) report steeper root 
angles in rice have also been correlated to higher yield in drought environment [70]. Our 
observation of the correlation between shallow LRA and TRL growth rate (r = 0.28) suggests 
that, genetically, roots may have a predisposition to both traits and requires further testing in 
field tests. Lab-based root angles have been shown to correlate to drought-tolerance by other 
studies [40, 71] including Rellan-Alvarez et al. (2015) who noted that water-deficient 
Arabidopsis thaliana roots grow at a steeper angle in soil-filled rhizotrons than well-watered 
treatment and serve as an optimal starting point for larger scale genetic studies [9]. The 
maximum iRoot, which successfully correlated phenotypic root traits with genotypic based 
population structure visualized in Figure 3.6b, suggests that genotypic information can 
predict certain population groups which may have potential use in breeding. The next step in 
root trait research is to perform large scale study to correlate controlled environment and 
field based results, as field based studies are generally expensive and resource intensive [14].  
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We additionally combine mathematical functions EFT and machine learning 
approaches (CNN) on image data to generate shape profiles and shaped based clusters, which 
have previously not been reported in soybean root related trait studies. The EFT approach is 
advantageous to explore root shape diversity allowing for systematic root outline analysis 
while maintaining the integrity of the shape. In our efforts, we generated mean shape profiles 
of the iRoot categories and the profiles qualitatively capture the expected difference among 
the categories.  The shape clustering (SBC) removed the human annotation steps and helped 
to segregate strong performing and weak performing genotypes into different shape-based 
clusters. SBC “A” contained genotypes with high mean trait values and that were grouped 
into high performing PBCs. As well, the SBC “A” also the highest iRoot ranking for 4 of 5 
iRoot categories. Genotypes grouped within SBC “G” and “H” performed poorly in regards 
to trait values, PBC and iRoot categories. The results suggest that high performing genotypes 
can be identified solely from their root shape and presents attractive applications in 
phenomics approaches in breeding and research. However, this approach requires further 
validation for comparison with state of the art for shape profile generation and applicability 
to field performance through plant breeding efforts.   
We propose that RSA trait research for practical breeding outcomes will benefit from 
further studies in high throughput phenotyping systems that can: (a) connect artificial and 
field environment studies, (b) make correlations between easily and difficultly assessed traits 
to determine optimal balance on traits to focus on, (c) understand the physiology behind 
drivers for yield using large plant populations in specific and diverse environments, (d) use 
of advanced data analytics for feature extraction [35, 72, 73] and (e) an integrated genomics 
and phenomics pipeline for breeding decision making. Strong performing accessions can be 
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identified individually or as a cluster using genomic population structure to direct further 
exploration using genomic selection with a multivariate approach thus bridging genomic and 
phenomic data. The phenotyping methodology described can replace these simple traits with 
more complex but ultimately more informative measurements. An understanding of root 
morphology and diversity is integral to adapting root development into mathematical growth 
models, which can help develop more efficient plants and crops. 
Summary  
In this study, we explored informative root categories (iRoot), developed from 
previous studies in multiple crop species.  These ideotypes leverage root imaging data to 
capture the essence of iconic root shapes. Results show that superior root performance and 
root shape correlate to specific genomic clusters. In addition, American-derived genotypes 
have long primary roots but fail to show further root trait performance indicating room for 
improvement in RSA of American germplasm. Our study demonstrates the relevance of ML 
and computer vision based software for the study of RSA traits. These tools can be useful for 
discovering and characterizing new traits and advancing time series based studies on the 
growth and development of root systems. While we now can correlate root performance and 
shape to genomic clusters, there is a need to connect controlled environmental studies to field 
based studies to improve data collection methodology. SNP analysis confirm the vast genetic 
variation among the world’s soybean germplasm collection, which will enable future crop 
improvement for RSA traits. After centuries of indirect selection for RSA, there is a pressing 
need to harness and implement quality soybean RSA diversity in cultivar development 
programs. Building upon the correlations of root phenotype and shape to genomic regions 
with improved phenotyping and ML techniques, we have increased the understanding of 
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genomic diversity and phenotypic plasticity associated with RSA which can be leveraged for 
future soybean improvement. 
 
Supplementary Figures and Tables 
 
Supplementary Figure 3.1: Bayes inflection curve based on genotypic values 
 
Supplementary Figure 3.2: Dilation of the segmented root images and reconstruction of the 
mean boundary from the mean EFD. 
 
 
 
Supplementary Figure 3.3:Architecture of the deep convolution autoencoder model used to 
represent the reconstructed mean root shape profile image in a eight dimensional (high-level 
feature) vector.      
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Supplementary Figure 3.4: Pearson correlations of 51 root traits at (a) 6 and  (b) 12 days after 
germination measured on 292 soybean accession (replications = 14). Hierarchical clustering 
was used to group similar traits. Symbols (shape and color) denote RSA traits used in 
corresponding iRoot index (cumulative trait scores). 
 
 
 
Supplementary Figure 3.5: Segmented root images of PI 578367, PI 89134 and PI 507491 ad 
9 days after germination. 
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Supplementary Figure 3.6: Correlations between phenotypes (x-axis) and genotypes (y-axis). Dendrogram on 
the x-axis developed using SNP based clusters, y-axis displays 13 RSA traits (TRL, PRL, WID, CVA, 
LRB,VOL, LRA, SOL2, LED, RHZO, TRL_GR, TRLUpper, Root weight) at (a) 6d  (b) 12d. 
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Supplementary Figure 3.7: Nine RSA traits displaying the increase in broad-sense heritability 
(H2) with each replicate tested (n=14).
  9
6
 
Supplementary Table 3.1: Descriptive statistics, broad sense heritability and ANOVA analysis of 38 RSA traits, plant and seed 
weights at 6, 9 and 12 days after germination. Data from 14 replicates were included in the analysis. SB = sub-block, for trait 
acronyms see Table 3.1. 
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Supplementary Table 3.2: Tukey’s Honest Significant Difference comparisons among the 
three groups (elite, diverse, landrace) from 292 genotypes for root system architecture traits 
at 6, 9 and 12 days after germination. 
 
 
Supplementary Table 3.3: Variance inflation factor results show high collinearity between 
root traits. 
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Supplementary Table 3.4: Summary data for genotype, phenotype and shape based clusters in respect meta-data and root traits at 9 
days after germination, iRoot category rankings and phenotype based cluster mean value (colored). 
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Supplementary Table 3.5: Tukey’s honest significant difference groupings for the 13 traits used to develop iRoot categories. 
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Supplementary Table 3.6: Tukey’s Honest Significant Difference comparisons among the three groups (elite, diverse, landrace) from 
292 genotypes for root system architecture traits at 6, 9 and 12 days after germination. 
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Supplementary Table 3.7: Variance inflation factor results show high collinearity between 
root traits. 
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CHAPTER 4.    GENOME-WIDE ASSOCIATION ANALYSIS AND GENOMIC 
PREDICTION OF SOYBEAN ROOT SYSTEM ARCHITECTURE TRAITS 
Abstract 
Crops such as soybean [Glycine max L. Merr.)] rely on their root system architecture 
(RSA), to provide water and nutrient acquisition, drought and flood tolerance and, lodging 
resistance. We created a phenotyping pipeline that integrates image capture and analysis of 
growing plant roots in controlled conditions providing a high-throughput platform providing 
biologically relevant time-series data on root growth and development. Combining 35,448 
SNPs with this phenotyping platform, 292 diverse soybean accessions (replications = 14) 
were studied for RSA traits to decipher the genetic control and predict untested accessions. 
The GWAS detected 30 SNPs which co-located within previously identified QTL for root 
traits and identified a number of root development gene candidates. Using a subset of the 292 
as a training population, we created a genomic prediction model which was able to predict 
RSA values. Mean prediction accuracy reached a maximum at 9 days after germination (r = 
0.51) followed by 12d (r = 0.46) and 6d (r = 0.43). This study demonstrates that GWAS was 
able to identify genes of interest that could have biological significance to RSA. As well, 
these RSA traits can be successfully predicted based on a genomic prediction approach. 
Future research focus is to further explore these candidate genes as well as select accessions 
of interest out of the large USDA collection in an effort to expand the scope of a field 
breeding program. 
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Introduction 
The advent of digital phenotyping and computational tools, has generated a renewed 
focus on root system architecture (RSA) traits. The RSA and root traits are essential for many 
biological processes, primarily water and nutrient acquisition, as well as microbe interaction 
in the rhizosphere, nutrient storage and anchorage in the soil [1, 2]. Few, if any, plant 
breeding programs focus on improving soybean RSA traits despite their importance in 
essential processes and grain yield. This is due to the measurement complexity of RSA traits. 
Additionally, phenotypic data collection is laborious for root and RSA traits prompting the 
need for new technologies such as high throughput phenotyping integrated with computer 
vision, machine learning and automation to expand the quantity and quality of phenotypic 
data collection [3, 4]. Although significant advances have been made to improve trait 
measurement capability and capacity [5–11], continual and sustained efforts are needed in 
phenotypic and genetic analysis. 
The development of new, fast, and relatively inexpensive molecular tools has 
provided an abundance of genomic data. Building on the foundation of widely available 
molecular resources in crop species such as the completed soybean [Glycine max L. Merr.)] 
genome [12], gene annotation, function and contribution to a phenotype is still of on-going 
interest. Currently, there is a gap in connecting the phenotypic and genotypic data, especially 
for root and RSA traits [13].  
Elite American soybean cultivars are the product of numerous genetic bottlenecks 
resulting in low genetic diversity [14]. However, substantial RSA phenotypic variation 
among genetically diverse soybean germplasm has been reported [15–17]. Understanding 
genetic control of RSA development and its relation to other beneficial traits is the initial step 
to facilitate genetic improvement. In the last decade, several QTL for soybean root traits 
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using bi-parental populations have been reported [18–29]. These studies collected a subset of 
root weight, length, width, and density measurements from field grown [30], greenhouse 
grown or lab grown seedlings that are often subjected to stress. These studies have primarily 
focused on identifying adapted genotypes and QTL that enhance performance in phosphorus 
deficient or drought conditions. Due to the nature of bi-parental parent based QTL studies, 
finer mapping remains a challenge. By saturating the genome with markers, performing 
genome wide association studies (GWAS) with the SoySNP 50K chip provides enhances the 
identification of smaller genomic regions controlling traits [31, 32]. 
 GWAS utilizes thousands of SNPs in order to identify loci that explain large portions 
of the phenotypic variation present for a trait of interest, providing a valuable tool for plant 
breeders [33]. This tool is useful to assay the genetic architecture of complex traits such as 
root phenotypes that express quantitative inheritance patterns [34]. GWAS can also be 
beneficial to breeders through the linkage of root phenotypes to genes; and can aid  in marker 
assisted selection and set up a platform for genome prediction [35, 36].   
Genomic prediction (GP) is a form of marker assisted selection that simultaneously 
estimates all locus, haplotype or marker effects across the entire genome to calculate 
genomic estimated breeding values [37]. Unlike MAS methods, which target one or few 
genes, genomic prediction utilizes markers spread across the entire genome and analyzes all 
marker effects to provide an estimate of the breeding value of each individual. By combining 
plant breeders’ current germplasm knowledge with newly available genomic toolsets, 
cultivar development programs can be compiled into a training population to implement 
genomic prediction on newly generated lines. The value of these newly generated lines could 
then be predicted using the genomic data without phenotyping. GP is best suited to predict on 
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complex, difficult to phenotype, quantitatively expressed traits [38]. GP can be utilized as a 
field selection tool, enabling discarding genotypes without expensive phenotyping. 
Advances in plant phenomics, from computer vision and remote sensing to 
automation and machine learning has amplified the quality and quantity of phenomic data 
available, which in turn complements GP [39]. GP harnesses these tools to scan diversity 
housed in genomic databases to identify and introgress accessions and/or traits of interest 
into plant breeding development programs [35, 36]. Here we utilize these techniques in an 
effort to identify, explore and expand RSA traits of soybean for future implementation into a 
plant breeding program. This was accomplished by RSA trait phenotyping using computer 
vision methods. Two hundred ninety-two genotypes were phenotyped in controlled 
environment conditions for 13 traits. GWAS was utilized to identify candidate gene regions 
and examine the overlap of genetic factors controlling RSA traits. GP models were built to 
predict RSA traits in genotypes with tested phenotypes. 
Materials and Methods 
Plant Materials 
A diverse panel of genotypes was selected from the USDA core collection with the 
addition of select soybean nested association mapping parental lines (Supplementary 
File).  This collection aimed to preserve the diversity available in soybean by sub setting 
genotypes from a wide range of geographical origins (12 countries), maturity groups (group 1 
(n=19), 2 (n=115), 3 (n=156), and 4 (n=2)), growth habits (determinate, semi-determinate, 
indeterminate) and seed color. 
Seedling Growth 
The experimental protocol for seedling growth is described in Falk et al. 2019 [15]. 
Ten seeds of each genotype were germinated in paper rolls prior to being transplanted at five 
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days onto wet blue germination paper (30cm x 45cm) (Anchor Paper, Minneapolis, MN) for 
root trait phenotyping. Each individual seedling occupied one piece of germination paper. 
Two paper units with seedlings of a particular genotype were placed together, attached with 
binder clips as a growth pouch unit. Rungs of a growth chamber shelf supported the growth 
pouch unit, suspending with the lower 3cm of the paper submerged in water. The growth 
chambers measure 175 cm by 100 cm and are equipped metal grate shelves 1.3 cm by 35 cm 
slots (Controlled Environments Ltd, Winnipeg, Canada). Plastic totes on the floor of the 
growth chamber provided a water depth allowing each growth paper unit to be submerged to 
3 cm. Growth chambers were set at 25°C during a 16 hour day, 22°C for an 8 hour night. 
Growth chamber light intensity was measured at 300 and 350 µmol photons m-2 s-1 using a 
Li-250A light meter (Li-Cor Biosciences, Lincoln, NE, USA). 
Root Phenotyping 
The root phenotyping system allowed for non-destructive imaging at multiple time 
points, 6 (6d), 9 (9d) and, 12 days (12d) after germination. Imaging platform details are 
available in Falk et al. 2019 [15]. The imaging platform included a Canon T5i digital SLR 
camera (Lens: EF-S 18-55mm f/3.5-5.6 IS II) (Canon USA, Inc, Melville, NY) mounted to 
an aluminum T-slot extrusion frame (80/20 Inc., Columbia City, IN)  with two softbox 
photography lights (Neewer; Shenzen, China), four 70 watt CFL bulbs in total, to provide 
consistent illumination. The camera was controlled by a laptop computer. Images were 
captured using Smart Shooter 3 remote capture software [39]. The software allowed for 
automated file naming based on optical character recognition of the growth pouch units 
affixed barcode. Seedling shoot and root dry weights were collected at 12 days after 
germination. 
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Table 4.1: Measured and derived root system architecture traits captured by ARIA 2.0 as well 
as plant dry weights 
 
Statistical Analysis 
To evaluate the 292 genotypes, Tukey’s boxplot method [40] was used to eliminate 
outliers prior to computing best linear unbiased predictor (BLUP) values for root traits via a 
mixed model and the ‘lme4’ package [41, 42]. In the model, (Equation 1), yik is the response 
variable of the ith genotype at the kth block (i.e., growth chamber used), μ is the total mean, gi 
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is the genetic effect of the ith genotype, bk is the block effect, and eik, is the experimental error 
following N (0, σ2e). All factors were considered random effects. Broad sense heritability was 
calculated on an entry-mean basis using Equation 2, where σ2g is the genotypic variance, r is 
the number of replications (r = 14). Principal components analysis was performed on SNP 
data using the prcomp function the ‘stats’ package and graphed using the ‘ggplot2’ package. 
Nei’s genetic similarity was used to construct a pairwise distance matrix using all 
polymorphic SNPs [43–45].  
Equation 4.1 
𝑦𝑖𝑘 = 𝑢 + 𝑔𝑖 + 𝑏𝑘 + 𝑒𝑖𝑘 
 
Equation 4.2 
𝐻2 =  
𝜎𝑔
2
𝜎𝑔2 +  
𝜎𝑒2
𝑟
 
Marker Data 
The genotypes from the USDA soybean germplasm collection has been genotyped 
using the Illumina SoySNP50k iSelect BeadChip (Illumina, San Diego, USA), which 
detected the segregation of 42,509 SNPs. Using pre-processing steps to eliminate SNPs 
below a minor allele frequency of 0.05 and monomorphic SNPs, 35,448 SNPs were 
identified and used for subsequent analysis. To conduct the GWAS, a mixed linear model 
(MLM) used the R package GAPIT (Genome Association and Prediction Integrated Tool-R 
package). The statistical model used was: 
 
Equation 4.3                   
𝑌 = 𝑋𝛽 + 𝑍𝑢 + 𝑒 
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where Y is the vector of observed phenotypes, in this case BLUPs for the root trait of 
interest. β is a vector of fixed effects, a vector of phenotypic BLUP values. u is a vector n = 
292 of random genotypic values with covariance G = Var[g], and the residuals follow Var[εi 
] = Riσ e2 , with Ri = 1 by default. X is an identity matrix and Z is the marker effects matrix. 
Marker effects are estimated based that they follow a normal distribution with equal variance 
across the soybean genome. We assume all markers have common variance with shrinkage 
towards zero to reduce estimation error. SNPs were found significant if the false discovery 
rate (FDR) adjusted p-value < 0.05. The genome-wide threshold calculated from the 
formula of: -log10(0.01/effective number of SNPs) providing a threshold at a 
significant level of 5 % after Bonferroni multiple test correction (0.05 / 35448 = 1.41 
e-6). The FDR was recommended to set the significant level as it had a higher power 
than the Bonferroni correction [46]. 
Genomic prediction used RR-BLUP (ridge regression best linear unbiased prediction 
model) [47, 48] has been shown to provide good prediction accuracy in crops [49]. Genomic 
prediction was done in three steps: (1) a training set of individual lines (representative of the 
whole population) were selected out of the entire population to obtain estimates for marker 
effects, (2) phenotypic values were matched to the genotypic values for each of these lines to 
determine genomic estimated breeding values (GEBVs), and (3) model validation for 
robustness and accuracy. The developed mixed model based on Equation 4.3 is useful to 
select genotypes within the germplasm bank accessions and breeding program on the 
predicted GEBVs [48]. Measurement error was minimized by the use of a computer-
generated algorithm (ARIA 2.0) [50]. GEBVs are predicted by this mixed model by taking 
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these marker effects identified for each of the 35,448 SNP markers used and matrix 
multiplying them by the markers for each genotype. To validate our findings, we use a 
stepwise manner in which a validation subset of the 292 genotypes is retained and used for 
testing to calculate prediction accuracy. To identify the change in prediction accuracy as the 
proportion of the subset changes, range of training to validation ratios from 90:10 to 10:90 
was used. Each training and validation was repeated 500 times by a random subset of 
genotypes each iteration based on each ratio, for each day, for each trait. The accuracy of the 
model is the correlation between the predicted and observed values. Mean accuracy is 
calculated over 500 iterations. 
Results 
Genetic diversity for root system architecture (RSA) traits 
Descriptive statistics, broad sense heritability and ANOVA analysis of RSA traits, 
and plant and seed weights at 6, 9 and 12 days after germination were reported (Table 4.2). 
Genotypes displayed a range of phenotypic expression across the three imaging days. 
Genotypes were a significant source of variation for all but one trait (width-depth ratio at 
12d). Large variation was observed for a majority of traits evidenced through comparison of 
mean, median, and trait ranges for RSA traits. Broad sense heritability across traits ranged 
0.26 – 0.93 (6d), 0.14 – 0.92 (9d) and 0.04 - 0.93 (12d). Minimal differences of the traits 
were observed among the diverse, elite and landrace genotypes. Genotypes displayed a range 
of phenotypic expression across the three imaging days. Genotype was a significant source of 
variation for all but one trait (width-depth ratio at 12d). Large variation was observed for a 
majority of traits evidenced through comparison of mean, median, and trait ranges for RSA 
traits.  
  
1
1
7
 
Table 4.2: Descriptive statistics, broad sense heritability and ANOVA analysis of 38 RSA traits, plant and seed weights at 6, 9 and 12 
days after germination. Data from 14 replicates were included in the analysis. SB = sub-block, for trait acronyms see Table 3.1. 
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The first two principal components of the PCA analysis explained 11.3% and 6.2% of 
the genetic variation (Figure 4.1). The genetic diversity of the elite and diverse genotypes 
largely cluster in the top corner of the PCA (Figure 4.1a). Determinate genotypes occupy the 
dense cluster in the bottom left corner (Figure 4.1b), these genotypes primarily originate 
from Japan (Figure 4.1c). The semi-determinate growth habits remain mainly within the 
lower half while indeterminate genotypes are largely spread out within the entirety of the 
plot. Genotypes originating from Japan, USA, Korea and Russia form smaller clusters within 
the plot while China is represented throughout the plots (Figure 4.1c). Genotypes from 
different maturity groups (MG) don’t correlate with distinct clusters. 
 
Figure 4.1: Principal components analysis of 292 soybean genotypes from 35,448 SNP 
markers. The two principal components accounting for 11.3% (PCA1) and 6.2% (PCA2) of 
the genetic variation. Color represents (a) the genetic background diversity (c) growth habit 
(c) country of origin and (d) maturity group. 
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GWAS 
Significant SNP markers were identified for traits collected at 6 (57 traits), 9 (63 
traits), and 12 (49 traits) days after germination. In total, 30 SNP markers were identified 
within or between known gene construct(s) (Supplementary Table 4.1).  SNP markers were 
significant for more than one trait, at more than one particular day after germination. In 
particular, the marker ss715583518 was found to be significant on 18 separate occasions. 
Particular root traits identified multiple significant markers. 16 significant SNP were 
identified for solidity traits, while 13, 10, 9, and 9 significant SNPs were associated with root 
weight, NWA, DIA, CPB, respectively.  We connected these results with 11 previous QTL 
mapping studies (Supplementary Table 4.2). QTL for root traits were previously identified 
including root weight (Chr03, Chr04, Chr08, Chr09, Chr11, Chr14, Chr15, Chr18, and 
Chr20), root length (Chr01, Chr03, Chr06, Chr08, Chr10, Chr11, and Chr19), root density 
(Chr01, Chr04, Chr08, Chr18, and Chr20), root area (Chr01 and Chr11) and root with 
(Chr11and Chr18). 
In an effort to comprehend the biological significance of the 46 SNP markers 
identified by our GWAS study, we queried the genomic location of the SNP marker against 
the soybean reference genome (Williams 82) [12, 51]. Twenty SNPs were identified which 
have not previously been associated to root traits. These include root length, density, weight, 
volume and root width. Twenty-seven of the SNP markers were located in genes while 19 
were located between genes. For further evaluation, candidate genes were chosen based on 
probable affiliation with root biological processes. SNP marker ss715588658 is located 
between Glyma.04g218200 and Glyma.04g218300, Glyma.04g218300 has been noted to be 
involved in Brassinosteroid responses in Arabidopsis thaliana (Supplementary Table 4.1). 
SNP ss715588230, is between Glyma.04g187100 and Glyma.04g187000, Glyma.04g187000 
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has an Arabidopsis homolog which encodes a histone deacetylase. SNPs ss715617605, 
ss715587932, and ss715626403 are located within Glyma.14g110700, near 
Glyma.04g049200, and within Glyma.17g028600. The Arabidopsis homologs of the 
aforementioned genes play important roles in cell wall modification and biosynthesis. 
Finally, we identified two SNP markers within or between genes associated with root hair 
elongation (ss715599124; within Glyma.07g103400) and adventitious root development 
(ss715609287; between Glyma.11g185500 and Glyma.11g185600) (Supplementary Table 
4.1).  
Genomic Prediction 
Phenotypic measurements of the traits, along with genotypic information of 35,448 
imputed SNP markers from the 292 lines, were used with RR-BLUP to train and test the 
prediction model. RR-BLUP was selected as it provides high accuracy in predicting small-
effect QTL as well as being less computationally intensive [49]. Cross-validation was 
completed using these 292 lines in a stepwise manner by taking a range of training (T) to 
validation (V) ratios from 10.3:92.5 to 92.5:10.3. 500 iterations were completed by taking a 
random subset of genotypes each iteration based on each ratio, for each day, for each trait 
(Table 4.3).  
Mean prediction accuracy, using all root traits, increased as the ratio of training 
population to validation population increased with accuracy reaching a plateau at a ratio of 
71.9T:28.1V (Figure 4.2). The prediction accuracy reached a maximum at 9 days after 
germination. The best prediction accuracy ratio was 82.2T:17.8V at 6d, 71.9T:28.1V at 9d 
and 12d. Mean prediction accuracy was highest for 9d. The highest accuracy overall was 
observed by PRA (r = 0.68) while the lowest was observed by LRA (r = 0.05). On average, 
prediction accuracies were highest for traits measuring volume (r = 0.52), followed by area (r 
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= 0.51), length (r = 0.47), ratio (r = 0.43) and count (r = 0.41), with angle measurements 
being the lowest (r = 0.183). 
 
Table 4.3: Prediction accuracy mean for 28 RSA traits for 6d, 9d, and 12d after germination 
using 500 iterations. 
 
 
Figure 4.2: Prediction accuracy for RSA traits for 6d, 9d, and 12d after germination using 
500 iterations for 10.3 % training population through to 92.5% training population. 
 
Prediction accuracy for RSA traits was highly correlated to trait broad-sense 
heritability. Coefficient of determination was calculated from the linear regression of ten 
RSA traits including TRL, PRL, WID, CVA, LRB, VOL, LRA, LED, RHZO and TRLUpper 
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at 6d (R2 = 0.583), 9d (R2 = 0.942), and 12d (R2 = 0.923) after germination and broad-sense 
heritability using 51.4 % training, 48.6 % validation population (Figure 4.3). 
 
Figure 4.3: Prediction accuracy for RSA traits (TRL, PRL, WID, CVA, LRB, VOL, LRA, 
LED, RHZO and TRLUpper) for 6d, 9d, and 12d after germination compared to broad-sense 
heritability using 51.4 % training, 48.6 % validation population. 
 
Discussion 
The diverse genotypic panel had a significant trait variation and moderate to high 
heritability along with a dense marker coverage that allowed narrowing of genetic region 
controlling trait phenotype. Thirty SNPs co-located within previously identified QTL for root 
traits performed using bi-parental populations, limiting the ability to identify narrow genomic 
regions controlling the trait. Since majority of studies have focused on above ground traits 
(i.e. non-root traits), there is a limitation of previous study sample size. Our search query in 
SoyBase, resulted in 120 reported QTL with “root” in the name [51]. These QTL are all 
identified in one of 11 biparental QTL mapping studies [19, 21–25, 27, 52–55]. However, 
these QTL studies lack the finer resolution that can be achieved by GWAS. At the time of 
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this writing, the only root associated QTL reported via GWAS is for soybean sudden death 
syndrome root retention. Candidate gene search is difficult in regular QTL mapping studies 
as the genomic region can harbor more than 100 candidate genes. While finer mapping can 
alleviate this issue, QTL populations for finer mapping are focused on one or two regions. 
The GWAS approach helped us to identify narrow genomic regions of interest, and results 
were superimposed on existing genetic maps to validate results from soybean studies as well 
as to identify new genomic regions controlling trait phenotypes.  
We examined the flanking regions around the intergenic SNPs reported by the GWAS 
study to identify candidate genes associated with root architecture. This analysis revealed 
important high priority candidate genes underlying historical root QTL (Supplementary 
Table 4.1). Further, the identified candidate genes may control important biological processes 
underlying these QTL and root architecture traits.  For example, markers ss715603186, 
ss715588658, and ss715602751 are located between Glyma.09g022700 and 
Glyma.09g022800, Glyma.04g218200 and Glyma.04g218300, and Glyma.08g107700 and 
Glyma.08g107800.  Of these genes, the Arabidopsis homologs of Glyma.04g218300, 
Glyma.08g107700, and Glyma.09g022700 are known to be involved in Brassinosteroid 
biosynthesis or responses.  Brassinosteroids are important regulators of plant root 
architecture, with increased brassinosteroid levels resulting in increased primary root length 
and increased lateral root production [56]. Another marker of interest, ss715588230 is 
located between Glyma.04g187000 and Glyma.04g187100.  The Arabidopsis homolog of 
Glyma.04g187000 encodes a histone deacetylase, mutants of which show increased auxin 
responsive genes. Auxin is an important regulator of root length and lateral root emergence, 
making it a cornerstone of root architecture [57].  The identification of genes involved in 
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hormone biosynthesis underscores the importance of these compounds in regulating root 
development and presents interesting avenue for future research. 
Plant hormones also play important roles in regulating cell wall development. Three 
SNPs were of particular interest including ss715617605 (located within Glyma.14g110700), 
ss715587932 (located between Glyma.04g049200 and Glyma.04g049300), and ss715626403 
(located within Glyma.17g028600) (Supplementary Table 4.1). Glyma.14g110700 encodes a 
chitinase enzyme.  While chitinase is normally associated with disease defense responses, 
recent studies have shown increased chitinase supports root and shoot growth via a calcium 
signaling network [58].  The other two genes are important in cell wall development and 
modifications, important processes throughout root growth and development.   
Finally, we identified two SNP markers within or between genes associated with root 
hair elongation (ss715599124; within Glyma.07g103400) and adventitious root development 
(ss715609287; between Glyma.11g185500 and Glyma.11g185600) (Supplementary Table 
4.1).  Increased root hairs are important for increased nutrient foraging and water uptake 
[59], this is an important characteristic of root phenotype.  Increasing root hair density could 
enhance tolerance to abiotic stresses [59]. Adventitious roots are not conventional roots; they 
are defined as roots develop from shoot organs often triggered by exposure to light [60]. 
Proteins produced by Glyma.11g85500 are predicted to be involved regulatory pathways 
associated with adventitious rooting [47]. The identification of Glyma.11g85500 could 
possibly a result of the exposure of roots to light over the duration of the experiment. 
The panel of 292 diverse soybean lines used for GWAS was repurposed as a training 
and validation set for GP. The prediction model was used to calculate marker effects for 
35,448 SNPs across the soybean genome for root traits at 6, 9 and 12 days after germination. 
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The RR-BLUP model underestimated predicted genome estimated breeding values (GEBVs) 
compared to observed values. This effect is likely due to the underestimation of marker 
effects due to the even shrinkage throughout the genome [42]. This effect was also reported 
in previous studies in which they accounted for the difference by regressing phenotypes onto 
GEBVs. As plant breeding objectives focus on selecting or discarding, ranking is paramount 
to calculation of precise values, the use of Spearman rank correlations may be most 
appropriate approach to identify genotypes of interest will be impactful in plant breeding 
evaluations.  
Pace et al. (2015) performed a similar study using 384 maize inbred lines and used 
186,848 imputed genotyping-by-sequencing (GBS) markers for TRL, SRL and PRL. The 
resulting prediction accuracy in a 60:40 training to validation population was TRL (r = 0.42), 
SRL (r = 0.43) and PRL (r = 0.44). Predictive accuracy using a 60:40 training to validation 
ratio in our experiment were higher for TRL (r = 0.49 (6d), 0.55 (9d), 0.54 (12d); SRL (r = 
0.50 (6d)), 0.55 (9d), 0.55 (12d); PRL (r = 0.35 (6d)), 0.52 (9d), 0.46 (12d). The higher 
accuracies seen in soybean mirror the higher heritability values.  
High prediction accuracy in this study could be attributed to the vast diversity of 
genotypes observed, number of replicates observed (n = 14), experimental control, the aid of 
computer vision based phenotyping coupled with automated imaging station and pipeline. 
These factors help remove measurement variability and provide high quality data. Reporting 
a high level of heritability and accuracy holds promise for the future use of these techniques 
in roots to expand the plant breeder’s toolbox. Increasing the study beyond 292 genotypes 
could result in even higher accuracy. Measurements of volume and area were predicted with 
a higher accuracy than measurements of angle. While speculative, it will be interesting to 
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examine root angle in a different phenotyping pipeline to determine if the lower accuracies 
were due to inadvertent bias that may be present with this phenotyping system or it is 
primarily biology driven variation.  
Summary 
The objective of this study was to identify genetic control of RSA within the diverse 
soybean landscape as well as determine whether a genomic prediction could be a viable 
strategy for breeding for root architecture traits. The USDA GRIN seed bank contains a core 
collection of over 19,000 soybean genotypes which have been previously genotyped 
providing a storehouse of genetic diversity at the disposal of researchers. The GWAS 
identified 30 SNPs co-located within previously identified QTL for root traits. Further 
investigation of these SNPs identified several of specific interest which associate with high 
priority candidate genes with specific root architecture traits of interest that will prove useful 
in future plant breeding programs focused on altering plant root architecture. The GP model 
used in this study is capable of selecting individuals with root traits of without utilizing 
phenotypic data. We have successfully demonstrated using GWAS to identify genes of 
interests within the population and GP to identify genotypes of interest within the population. 
Plant phenomics coupled with molecular technologies and statistical approaches identify 
genotypes with favorable or unfavorable traits, allowing for inexpensive selections prior to 
field trial phenotyping. Employment of these tools will allow soybean breeders to vastly 
expand the scope of a breeding program.  
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Supplementary Table 4.1: GWAS results identifying soybean SNP markers, root traits and 
gene models. 
 
Supplementary Table 4.1 continued on next page. 
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Supplementary Table 4.1 continued from previous page. 
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Supplementary Table 4.1 continued from previous page. 
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Supplementary Table 4.2: GWAS results identifying soybean SNP markers, root traits 
and published locations of root QTL. 
 
Supplementary Table 4.2 continued on next page. 
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CHAPTER 5.    GENERAL CONCLUSION 
The objective of this project was to create a high-throughput phenotyping pipeline 
and analysis system to explore the diversity of RSA in soybean to better understand the 
genetic control of root development within soybean. The time-series enabled soybean root 
phenotyping platform described includes hardware, software and analytical solutions for an 
end-to-end controlled environment. The system integrates high throughput phenotyping 
system that allows growing hundreds to thousands of plants simultaneously and time series 
image capture coupled with automated image processing using optical character recognition 
(OCR) to identify seedlings via barcode and a convolutional neural network as a robust 
segmentation method prior to feature extraction. These features have been used to update 
ARIA to increase its capability for both fibrous and taproot growth habit crops. 
Using this pipeline, we studied diverse soybean accessions from a wide geographical 
distribution and identified genetic variability for RSA traits, including root shape, length, 
number, mass, and angle. Combining 35,448 SNPs with a semi-automated phenotyping 
platform, 292 accessions were studied for RSA traits to decipher the genetic diversity and 
explore informative root (iRoot) categories based on current literature for root shape 
categories. The RSA traits showed genetic variability for root shape, length, number, mass, 
and angle. Eight genotype- and phenotype-based clusters (GBC and PBC) were found from 
the diverse accession set and displayed significant correlations. GBC clusters correlated with 
geographical origins, and genetic differentiation indicated that much of US origin genotypes 
do not possess the natural genetic diversity for RSA traits. Through the integration of a 
convolution neural network and Fourier transformation methods, we present methods to 
capture shape based clusters which are another way for trait cataloging for breeding and 
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research applications. This combination of genetic and phenotypic analyses results provides 
opportunities for targeted breeding efforts to maximize the beneficial genetic diversity for 
future genetic gains. 
GWAS identified 50 molecular markers significant for root system architecture traits. 
These molecular markers were co-located within previously identified QTL for root traits 
previously reported by 11 separate studies. Of the 50 significant markers, 30 were identified 
within or between known gene constructs. Many of these genes have potential to be 
correlated to root structure and function. These candidate genes must be functionally 
validated prior to use in a soybean breeding program. 
The diverse soybean collection curated for this study was used as a training 
population for genomic prediction for all the RSA phenotypes collected. Using the 50k SNP 
genomic data and the phenotypic root data collected, a prediction model was implemented to 
calculate marker effects and predict GEBV’s using RR-BLUP. Prediction accuracy reached a 
maximum at 9 days after germination indicating that earlier phenotyping time points may be 
used, which will facilitate increased throughput of genotypes through the phenotyping 
platform. Mean prediction accuracy using all root traits increased as the ratio of training 
population to validation population increased with accuracy reaching a plateau at a ratio of 
70:30. Trait based broad-sense heritability displayed correlations to genomic prediction 
accuracy (r = 0.49). This study demonstrates that GWAS was able to identify genes of 
interest that correlate to root specific traits and that these traits can be predicted based on a 
genomic prediction approach.  
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Prior to identifying target genes for use in a breeding program functional validation 
must be completed. Our next steps are to use functional genetics approaches to validate our 
genes of interest. With regards to the phenotyping platform, we are currently working on 
linking the image acquisition with the image segmentation together with data analysis 
including GWAS in a fully automated system. We have begun development of a mirrored 
field based protocol, using structured light 3-D imaging and ARIA 2.0 for trait extraction. 
This field based approach is also making strides toward automation, from mechanical root 
extraction to multiple camera and 3-D imaging as well as data analysis. Future research focus 
is to bridge the gap by the development of a large scale laboratory root screening system that 
correlates to field grown root phenotypes. 
 
